Institut fur Informatik
der Technischen Universitat Muinchen

Constraint-Based Structural Learning in Bayesian
Networks using Finite Data Sets

Harald Steck

Volistandiger Abdruck der von der Fakattflir Informatik der Technischen Univerait”
Muinchen zur Erlangung des akademischen Grades eines

Doktors der Naturwissenschaften (Dr. rer. nat.)

genehmigten Dissertation.

Vorsitzender: Univ.-Prof. Dr. H. M. Gerndt
Prifer der Dissertation:
1. Univ.-Prof. Dr. Dr. h.c. W. Brauer
2. Prof. Dr. S. L. Lauritzen, Aalborg University,adémark

Die Dissertation wurde am 16. Januar 2001 bei der Technischen UratdvEitichen einge-
reicht und durch die Fak@t fur Informatik am 08. Mai 2001 angenommen.






Acknowledgments

The years at Siemens Corporate Technology have been a valuable experience. | would like to
thank Prof. Bernd Salrinann, head of the Department for Neural Computations, for providing
a working environment where academics and industry meet.

| am very greateful to Prof. Wilfried Brauer at the Department of Computer Science, Technical
University of Munich, not only for taking over the duty of supervising my thesis work, but also
for providing me with valuable comments and suggestions. Apart from that, | would like to
thank Prof. Wilfried Brauer for all his support and encouragement. | have appreciated very
much that | could always bother him with questions, even when he was traveling.

| am deeply indebted to Prof. Steffen Lauritzen at the Department of Mathematical Sciences,
Aalborg University, Denmark, for his spontaneous willingness to be the co-reviewer of my
thesis despite all the troubles involved, like, for instance, traveling to Munich because of my
defense. Moreover, | am grateful that | could visit Prof. Steffen Lauritzen for two weeks during
my thesis work. The enlightening discussions have had a major impact on this thesis.

Moreover, | would like to thank Dr. Volker Tresp for supervising my work at Siemens Corpo-
rate Technology. My thesis owes enormously to his influence: he introduced me to the areas of
graphical models and machine learning, and over the years | have benefited considerably from
his broad knowledge in numerous discussions.

| would also like to thank Dr. Michael Haft and Dr. Reimar Hofmann, also working on graphi-
cal models, machine learning and data mining, for valuable debates; Alexander Hall for provid-
ing me with very helpful comments; Dr. Peter Mayer for interesting discussions on statistics;
Dr. Paul Theo Pilgram for patiently answering all my questions concerning the English lan-
guage; Marco Pellegrino and Dr. Kai Heesche for helping me out whenever | had a question
regarding the local computer cluster at Siemens; Dr. Martin Appl for help and support; and all
the members of the Department for Neural Computations at Siemens. Furthermore, | would
like to thank Dr. Paul Theo Pilgram, Dr. Kai Heesche and Dr. Henning Lenz for a fantastic
atmosphere in the office we shared.

| am also grateful to Siemens AG for financial support of my work and of my journeys to
various conferences and workshops, the most distant one taking place at Stanford University,
California.

| am indebted to Prof. Iris Pigeotubler, Dr. Angelika Caputo, and Vanessa Didelez for
many interesting discussions and for the opportunity to participate in their seminar on graphical
models at the Department of Statistics, Ludwig Maximilians University, Munich, in the winter
semester 1999 / 2000.

Finally, I would like to thank my parents and my sister, having supported and encouraged me
for over twenty years of education and training.






Summary

Bayesian networks have become a popular probabilistic model for coping with uncertainty.
Structural learning in Bayesian networks is an NP-hard problem, which suggests the use of
heuristic strategies for finding close-to-optimum solutions. The constraint-based approach
has proven to be very efficient in many experiments [23, 24, 142]. However, it is only well-
understood under certain conditions, typically when infinite data sets are provided.

This thesis focuses on the constraint-based approach for those cases wherindelgraount

of data is available, as typical in practical applications. The usual assumptions underlying the
constraint-based approach are thus dropped, and we look at the constraint-based approach as
a particular search strategy towards the optimal Bayesian network structure, with respect to a
given scoring function. This point of view is independent of the choice of scoring function:
various Bayesian and non-Bayesian scoring functions can be used. We introduce so-called
relative scoring functions and derive their main properties. They help in understanding the
constraint-based approach for finite data.

We propose an extension of the constraint-based approach, which can essentially be divided
into two parts. The first one is concerned with the presence of edges, and hence employs an
undirected graph, while the second step determines the orientations of the edges. Regarding the
first step, we derive the so-call@dcessary path condition from properties of optimal Bayesian
network structures. While its use does not notably increase computation time, it entails consid-
erable improvements in the quality of the induced network structivieslel uncertainty is an
important aspect in learning of Bayesian networks from finite data. In particular, uncertainty
regarding the presence of edges can be discovered by this extension: instead of a single net-
work structure, as typical for state-of-the-art constraint-based approaches, it can find several
graphs. Of course, this is only possible up to a degree, as the exact learning problem is NP-
hard. The induced graphs usually have many common edges and differ only in the presence of
a few edges. All the different structures can hence be visualized by mearsngfegraph,

thus easing the interpretation [144].

Next, we present an extension of the second part of the algorithm, namely an operator which
determines the orientations of the edges, based on a scoring function [143]. This operator
proved quite robust when given finite data sets in our experiments, while standard schemes,
which rely on the induced conditional independences, are known to be rather unstable [142].

We argue that the Bayesian network structures found by constraint-based approaches generally
tend to contain fewer edges than optimal structures. Hence, a post-processing step is necessary
if one aims at finding, possibly different, local optima. In case that the assumptions underlying
state-of-the-art constraint-based approaches hold, the proposed extensions vyield the correct
Bayesian network structure. The proposed extensions of the constraint-based algorithm were
evaluated on artificial and real-world data.

Our extended constraint-based approach has in parts enterésptiteproject calledPRONEL
[120] where it has become the core learning algorithm. A demo version is availabléifrgim
Expert A'Sviahttp://www.hugin.com/pronel/index .html.
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Key to Important Symbols

This list depicts the most important symbols and abbreviations used throughout this thesis, and
it gives a pointer to the section where the notation is introduced.

Variables

a,byv,xg, ... variables cf. Section 2.1
S, ... set of variables cf. Section 2.1
|S| number of variables iy, also calledorder of the setS cf. Section 2.2.2
V set ofall variables in a domain cf. Section 2.2
n number of variables in a domain, ie.= |V| cf. Section 3.3.2
I(a) set of all states of variable cf. Section 2.1
Z(S) set of all joint states of the variables cf. Section 2.1
ivj... €Z(S) a joint state of the variables ifi cf. Section 2.1
|Z(S)] number of joint states of the variablessn cf. Section 3.1.4

Bayesian Networks, Graphs and Parameters

) parameters of a Bayesian network cf. Section 2.2.2
m directed acyclic graph (DAG), or cf. Section 2.2.1
partially directed acyclic graph (PDAG) cf. Section 6.1.1
m skeleton, i.e. undirected graph associated with a DAG cf. Section 2.2.1
M set of all DAGs cf. Section 3.1.2
an~Db (undirected) edge between the variableend) cf. Section 2.2.1
a—=bb+a directed edge from variableto variableb, or cf. Section 2.2.1
edge with a "proposed” direction cf. Section 6.1.3
a=>bb<a edge with a "fixed” orientation cf. Section 6.1.3
a+b edge oriented in "both” directions cf. Section 6.1.3
pa,,(a), pa(a)  parents of a variable € V in a DAGm cf. Section 2.2.1
an(a) ancestors of a variablee V in a DAG cf. Section 2.2.1
ne(a) neighbors of a variable € V in a graph cf. Section 2.2.1
alb|S d-separation of andb givenS in a DAG cf. Section 2.2.1

afb|S d-connection of: andb givenS in a DAG cf. Section 2.2.1



Probabilities and Independences

pla)

pla,b), p(S)
p(alS)
alb

alb
alb|S
afb|S
CIDs

(marginal) probability distribution for variable
joint probability distribution for several variables
conditional probability distribution fo# givenS
marginal independence of the variableandb
marginal dependence of the variableandb
conditional independence afandb givenS
conditional dependence afandb givenS
conditional independences and dependences

Scoring Functions

N

N()

N’

F

f

G

g('v "3 ')1 g('v )

gcol('a BN | m’int)

o
f}/

dg
d(-)
AlIC
BIC

sample size, i.e. number of cases in the data set
cell counts or frequencies in a contingency table
equivalent sample size

absolute scoring function (strictly positive)
logarithmic absolute scoring function, i.¢.= log F
relative scoring function (strictly positive)
logarithmic relative scoring function, i.g.= log G
relative scoring function concerning collider can-
didates in the PDAGn;,;

significance level

threshold value concerning relative scores
degrees of freedom

deviance (difference)

Akaike Information Criterion

Bayesian Information Criterion

Rules and other Symbolsin Algorithms

XY, [a,b], ...

X,Y, ...
ST;([a,b], X)
SCi([a, b], X)
E

C

I

IR(X,E,I)
CR(X,E,C,I)
R

%A

RE

PA(X)
AN(X)

pair of variables, e.gX = [a,b] = [b, q],

it can correspond to an edge, si-path or sc-path
set of pairs of variables

si-path ( enumerates the variants)

sc-path { enumerates the variants)

condition set regarding edges

condition set regarding sc-paths

condition set regarding si-paths

i-rule concerning the edg&

c-rule concerning the edgg

set of rules

subset ofit, corresponds to an ambiguous region
a copy of R4

parents ofX in the condition graph

ancestors o in the condition graph

cf. Section 2.1

cf. Section 3.1

cf. Section 6.1.1

cf. Section 4.3.1

cf. Section 4.3.1
cf. Section 4.3.1
cf. Section 4.3.1
cf. Section 5.1
cf. Section 5.1
cf. Section 5.1

cf. Section 5.1
cf. Section 5.1
cf. Section 5.1
cf. Section 5.3.2
cf. Section 5.3.2
cf. Section 5.2.2
cf. Section 5.2.2



Introduction

Uncertainty is present in many areas of life, prevailing for various reasons. For instance, in
medicine it is sometimes difficult to determine the disease of a person on the basis of the
observed symptoms. This is because a disease often entails a particular symptom only with
some probability, but not with certainty. Moreover, some symptoms can only be specified
loosely, e.g. "high fever” does not exactly begin at a particular temperature. Furthermore, the
disease inferred might be based on incomplete knowledge, because a doctor might not know,
for instance, about the patient’s visit to a certain country, increasing chances of an infection
with a particular kind of bacteria. In many areas of science and engineering, when an exact
description of a large system is too involved, one often resorts to a tractable model which is a
good approximation to the actual system. This is another source of uncertainty. For instance,
in artificial intelligence the analysis of texts is often based on a probabilistic treatment, where
the text is considered as a "bag of words”, i.e. without a syntax. Texts are then characterized
by the probabilities that certain words or combinations thereof are present.

Building intelligent systems for reasoning under uncertainty is one of the main challenges in the
field of artificial intelligence (Al). Various frameworks for dealing with uncertainty have been
used in Al, like fuzzy logic [154] or the Dempster-Schafer theory [42,136]. Over the past one
or two decades, probability theory has gained influence in the Al community, as it is a sound
theory for dealing with uncertainty. Probability theory has been applied in statistics in order to
induce information from data. This is typically done by means of so-called hypothesis tests,
where a hypothesis like "Does smoking have an impact on lung cancer?” is falsified or not. For
a long time, statistical analysis has been restricted to omiyiel number of variables. This

had two reasons. First, statistical analysis of complex hypotheses invol@mgesnumber of
variables had not been well understood from a theoretical point of view. Second, the analysis
of complicated hypotheses was intractable until powerful computers became available.

Bayesian networks have become the standard model for coping with uncertainty in Al. They
were developed by the Al community to build probabilistic expert systems for reasoning un-
der uncertainty [116]. One of their main advantages is their sound theoretical basis in the
framework of statistics and probability theory. A Bayesian network [sababilistic model
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which describes thenultivariate probability distribution for a set of variables. In particular, it
is designed for domains withlarge number of variables. The basic idea is to display the as-
sociations among the variables, namely ttanditional) independences and dependences, by
means of a graph. For this reason, Bayesian networks belong to the ctasplotal models.

Figure 1.1 shows a simplistic Bayesian network structure, where the edges represent a de-
pendence between the (binary) variables "electricity failure?” and "light failure?” as well as
between the former and "computer failure?”. The absence of the edge between ”light fail-
ure?” and "computer failure?” indicates that these two variables are independent conditional
on "electricity failure?”. This means that "light failure?” isrelevant to "computer failure?”,

and vice versa, once the state of "electricity failure?” is known. For instance, if one knows that
there is no electricity failure, the light-bulb and the computer fail independently of each other,
as each of which can break by chance. However, when the state of "electricity failure?” is un-
known then "light failure?” and "computer failure?” depend on each other, as they both depend
on "electricity failure?” in Figure 1.1. This is also intuitively clear, as an electricity failure
entails both light and computer failures. It is hence crucial to distinguish between "direct” and
"indirect” associations between variables.

electricity

failure ?

light computer
failure ? failure ?

Figure 1.1: A simplistic Bayesian network structure illustrating direct and indirect associations
among the three variables.

The graph in Figure 1.1 can also be understood intuitively when interpreted in a causal man-
ner, namely "electricity failure?” can be considered as a common cause of "light failure?” and
"computer failure?”. This implies that the occurrence of "light failure?” and "computer fail-
ure?” can be related when nothing is known about "electricity failure?”. Conversely, when the
state of the common cause is known, "light failure?” and "computer failure?” can become inde-
pendent. When Bayesian networks are used in a causal setting, they are alscassaleukt-

works. Their use as causal networks has been very appealing to the Al community [116, 142],
since knowledge on causal relations renders well-understood interventions possible [117], and
hence enables one to control the behavior of complex systems. The causal interpretation of
a Bayesian network structure is, however, only appropriate under certain conditions. For an
overview of this area of current research the reader is referred to [70,82,102,116—-118,142,148].

Besides the visualization of conditional independences and dependences, a Bayesian network
model can also describe the joint probability distribution for a set of variablesgjuaraitative

manner, as a Bayesian network comprises also parameters besides its graphical structure. Itis
beneficial that this description is quite modular so that complex systems can be characterized
by combining smaller units. When the values of some variables are known, a Bayesian network
can be used for predicting the states of the other variables. This process idmfatiatte (for
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an overview, see e.g. [21]). The result is not a particular state, prbability distribution

over the states of the variables to be predicted, i.e. a Bayesian network depooltsdslistic
associations among the variables in a domain. Since the reader might be familiar with neural
networks, let us mention that, for instance in feed-forward neural-networks, the state of an
output-variable dependfeterministically on the inputs, rather than probabilistically.

There are basically two ways for constructing a Bayesian network. First, a system which is
well-understood can be modeled by having a Bayesian network built manually by experts. A
causal interpretation of the edges and their orientations is often useful in this situation. So-
calledobject oriented Bayesian networks were developed to aid the construction of large mod-
els [96, 119]. Major fields of application were systems for medical diagnosis and for trou-
bleshooting.

Alternatively, Bayesian networks can berned from given data. This means that a learning
algorithm can induce the structure as well as the parameters of a Bayesian network from data.
Of course, also a combination of both approaches is possible, where the expert knowledge
can serve as prior knowledge incorporated into a learning algorithm. In structural learning
in Bayesian networks, all variables in a domain are treated equally, i.e. there is no distinct
class-variable. This is typical famsupervised learning. Since an induced Bayesian network
structure visualizes the associations among the various variables in a domain, structural learn-
ing can provide new insights which help understand the associations among the variables. The
extraction of new knowledge from data is calldaa mining. Automatic learning procedures

can hence supplement a statistician’s analysis of data. Estimating the parameters of a Bayesian
network is typically a subproblem of learning its structure. Once a Bayesian network, includ-
ing its parameters, has been learned, it can be used for quantitative predictions. Collaborative
filtering is a recent application where Bayesian networks have proven to yield very accurate
results [15]. This is employed, for instance, in online book-stores where Bayesian networks
are trained on the data collected from customers, and subsequently used to recommend those
books which have a high probability of being interesting to a customer. The World Wide Web
will certainly be a main playground for data mining, as it allows to access an enormous amount
of data, while the costs of collecting data are tremendously reduced at the same time. Biotech-
nology and genetics are another field where data mining techniques can help in understanding
the processes underlying the data.

1.1 Structural Learning in Bayesian Networks

There have evolved two main approaches to structural learning. Both employ heuristics, as
the exact problem is NP-hard [14, 27, 84]. The one approach uses a scoring function which is
optimized by means of a heuristics search strategy. The use of Bayesian scoring functions is
suggested, besides "classical” ones like the Akaike Information Criterion, because Bayesian
network structures ardirected graphs without cycles so that Equation 3.1.26 can be applied

in a natural way (cf. Section 3.1.4). Local search is a very popular, general-purpose search
strategy [90]. The main problem of this sort of approach are local maxima of the scoring
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function, at which heuristic search-strategies can get stuck.

The other approach is constraint-based, relying on the conditional independences and depen-
dences (CIDs) induced from the data. This method is, however, only well-understood when
certain assumptions hold (cf. Section 1.2 for more details). Unfortunately, when the CIDS
are inferred from finite data by means sitistical tests, as typical in practical applications,

this approach can merely be considered as a heuristics (see also Section 1.2). An advantage
of this approach is that it does not suffer from local optima, as a scoring function applying to
the entire Bayesian network structure is not used. Because this method makes use of a par-
ticular property of Bayesian networks, namely the CIDs, it is very efficient in inducing sparse
Bayesian network structures, as it generally requires a reasonably small number of indepen-
dence tests only [23,142]. This approach can, however, be quite inefficient when the induced
graph is dense, since a large number of tests have to be carried out in this case. Regarding
domains which require a dense graph, however, Bayesian networks might not be the most ap-
propriate kind of model, since only very limited insight in the associations among the variables

is typically gained by interpreting a dense Bayesian network structure. Furthermore, when a
Bayesian network model is used for quantitative predictions, e.g. in a probabilistic expert sys-
tem, inference is typically very time-consuming or even intractable in dense graphs. Thus, one
might only be interested in the induction of a Bayesian network in domains where the resulting
graph is sparse.

1.2 The Constraint-Based Approach applied to Finite Data
Sets

The efficiency of the constraint-based approach when inducing sparse Bayesian network struc-
tures is very appealing [23, 24, 142], as other heuristic learning algorithms can be quite time-
consuming, particularly in domains with a large number of variables. Unlike other learning
algorithms, the constraint-based approach requires two additional assumptions about the prob-
ability distribution implied by the data. Let us just mention them here, as they are discussed in
detail in the Sections 2.2.4, 3.3.2 and 4.1:

e the probability distribution is perfectly known, i.e. without error, and

o the probability distribution fulfills the so-callefdithful ness assumption.

If these assumptions hold, the constraint-based approach can be shown to yieddréae
Bayesian network structure [140, 148], the so-called perfect map. Note that this is not guaran-
teed for the other approaches aimed at optimizing a scoring function, as they can get stuck at
local optima.

In practice, however, these assumptions need not hold. In fact, they can only be expected to
hold in the asymptotic limit, i.e. when an infinite amount of data is available. This is because
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sampling noise is typically present fimite data sets, causing the probability distribution im-

plied by the data to differ from therue distribution (from which the data had been sampled).
This implies that the constraint-based approach generally yields "almost correct” Bayesian net-
work structures given sufficientliarge data sets, as confirmed by many experiments reported

in the literature [23, 24, 142]. Except for these experiments, not much attention has been paid
to the behavior of the constraint-based approach when djindea data sets. Finite rather than
infinite data sets are, however, typical for practical applications. (iméile sample sizes, the

two assumptions above are not guaranteed to hold. This is particularly apparent regarding the
first assumption, as it is well-known in statistics that an independence test can fall, i.e. a depen-
dence can erroneously be induced instead of an independence, and vice versa. This is called
a Type | and a Type Il error, respectively. The resultssefieral tests are combined by the
constraint-based approach in order to construct the Bayesian network structure. Since some of
the test results might be incorrect and since the various test results might depend on each other
in some unknown manner, the error of the induced Bayesian network structure is not under
control. In statistics, this is a well-known problem in the area of multiple testing.

This thesis is concerned with the constraint-based approach appliedd¢alata. Section 4.1
provides a more specific motivation of the approach taken in this thesis, as various terms intro-
duced in the following two chapters are required. Nevertheless, let us mention the basic idea
in the following: the above assumptions underlying constraint-based algorithms are dropped.
Instead, we prefer the point of view that the constraint-based approach is aimed at finding the
optimal Bayesian network structure with respect to a scoring function. The use of a scoring
function is similar to the alternative approach to structural learning mentioned in Section 1.1.
This point of view is motivated by the fact that the use of a scoring function is well-understood,
and the optimal Bayesian network structure is well-defined also in those casedinitedata

sets are given.

In order to understand the constraint-based approach in the framework of optimizing a scoring
function, the notion ofelative scoring functions is introduced. They are concerned with the
differences of the scores rather than with the scores themselves. This allows us to use scoring
functions like the Bayesian Information Criterion or the posterior probability in this approach,
instead of they2-test commonly employed by constraint-based algorithms. Our point of view
reveals that the network structures induced by the constraint-based approach from finite data
sets tend to contain too few edges, compared to the optimal graph. Moreover, the performance
of the constraint-based approach can considerably be improved by employing the soexalled
essary path condition which we derive from properties of optimal Bayesian network structures.
Moreover,model uncertainty can be discovered when using this extension. Of course, it can
only be explored up to some degree, as an exact treatment of model uncertainty is intractable
except for domains with a rather small number of variables. Model uncertainty generally pre-
vails when small data sets are given. Because data sets, even when considered as "large”, might
often be small compared to the number of joint states of the variables in a large domain, model
uncertainty may better not be ignored in many applications. Accounting for model uncertainty
can improve predictive accuracy, e.g. by model averaging, as well as help avoid incorrect
conclusions drawn from the induced structures. Concerning the latter issue, we show that the
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multiple solutions induced by means of the necessary path condition can be visualized in a sin-
gle graph. This is because the various graphs have usually many edges in common and differ
only regarding the presence of a few edges. Such a graph can typically be interpreted much
more easily than a list of the various solutions.

The necessary path condition can efficiently be implemented in terms of rules. The presence
of edges is induced by simplifying the set of rules. This renders a systematic construction of
all the multiple solutions possible which can be induced by means of the necessary path condi-
tion. Furthermore, this scheme can take advantage of the fact that the various Bayesian network
structures typically have many edges in common. For this reason, the computational cost of
inducing possibly many graphs is only slightly increased compared to established constraint-
based approaches, which induce only a single graph by definition. The constraint-based ap-
proach is also appropriate for parallel computation which we have realized in a simple master
and slave scheme.

In case that the probability distribution implied by the data fulfills the assumptions required

by state-of-the-art constraint-based approaches, the necessary path condition yields the same
graph as the other constraint-based approaches do, and it is hence asymptotically correct. Given
finite data, however, the necessary path condition is an important extension of the constraint-
based approach.

Besides the necessary path condition, concerning the presence of edges, also an operator for
inducing the orientations of edges is proposed in this thesis. This operator is aimed at optimiz-
ing a scoring function, which renders it quite robust when given finite data in our experiments,

in contrast to typical constraint-based schemes relying on the induced independences and de-
pendences.

We also argue that the edges induced to be present by the constraint-based approach are con-
tained in a (locally) optimal Bayesian network structure with a high degree of certainty. This
indicates the necessity of a learning step subsequent to the constraint-based approach if one
aims at inducing (locally) optimal Bayesian network structures.

1.3 Thesis Overview

In the next chapter, we give a brief overview of Bayesian networks and their properties impor-
tant to learning. Chapter 3 reviews the main approaches to structural learning in Bayesian net-
works, namely the constraint-based approach and the one aimed at optimizing a scoring func-
tion. A main part of this chapter is spend on introducing so-called relative scoring functions,
and on deriving some of their properties. The main benefit is that both kinds of approaches to
learning can be based on relative scoring functions.

In Chapter 4, the constraint-based approach is viewed as a particular search strategy aimed
at inducing the optimal Bayesian network structure, with respect to a scoring function initially
specified. Having discussed this point of view, the main result of this, rather theoretical, chapter
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is derived, namely the so-called necessary path condition and its variants. This leads imme-
diately to an extension of the constraint-based approach applied to finite data. Moreover, we
discuss properties of the graphs induced by constraint-based approaches from finite data.

The constraint-based approach can typically be split into two parts. The first one is concerned
with inducing the presence of edges, thus employing an undirected graph. The second part
eventually yields the Bayesian network structure by finding the orientations of the edges. In
Chapter 5, we describe the details of the algorithm which inducegrésence of edges, based

on the necessary path condition. The latter is transformed into a set of rules which can then
efficiently be simplified. The reduced set of rules can indicate model uncertainty regarding the
presence of edge — of course, only to a limited degree. As a consequence, possibly several
undirected graphs are obtained. The so-called summary graph with its ambiguous regions is
introduced, a single graph visualizing the different structures of the induced undirected graphs.
Moreover, we are concerned with the efficiency of such an extended constraint-based algo-
rithm. Various experiments are carried out in order to compare the extended algorithm with
other popular learning algorithms. Finally, the incorporation of prior knowledge is described,
as well as how missing data can be handled.

Chapter 6 presents a greedy operator aimed at finding the opifieatations with respect to

a scoring function. It is not based on induced conditional independences and dependences, like
typical schemes in constraint-based algorithms, which are quite unstable when given finite data
sets. An advantage of this operator is its robustness when given finite data sets, as confirmed in
our experiments. Moreover, a third learning step is added to the constraint-based algorithm in

order to induce (locally) optimal network structures. This is necessary because our theoretical

considerations yield that the constraint-based approach tends to induce graphs with too few
edges compared to optimal Bayesian network structures. The resulting algorithm is compared

to established learning algorithms using both artificial and real-world data.

In the Conclusions, the main results of this thesis are summarized and an outlook to future
work is given.
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1.

INTRODUCTION




2

Bayesian Networks

This chapter gives a brief introduction to Bayesian networks. After defining a Bayesian net-
work model, we focus on properties important to structural learning. An overview of the var-
ious aspects of Bayesian networks is provided in [21, 35,47,79, 116]. For a first exposure to
Bayesian networks, the reader is referred to [89], whereas a comprehensive treatment from a
theoretical point of view can be found in [101].

2.1 Conditional Independence and Dependence

A Bayesian network is a probabilistic model based on the notiaomditional independences
and dependences (CIDs). Let us hence introduce some notation from probability theory.

The probability distribution for a random variahlés denoted ag(«), and thgoint probability
for several variables, e.g. f& = {a.,b, ¢}, reads(a, b, c) or p(S). It describes the probability
for eachjoint state or configuration of the variables in the s&t. Let the set of all configurations
of the variables in a s&¥ be designated a&(S), and the configurations dsj, k, ... € Z(S).
The above probabilities are also calledrginal probabilities, as opposed tonditional proba-
bilities. The probability of a variable conditional on a set of variables, e§ = {b, ¢}, is des-
ignated ag(alb, c¢) or p(alS), and it is defined ag(al|b. ¢) = p(a,b,c)/p(b,c) for p(b,c) > 0.

Two random variables andb are said to benarginally independent when their joint probabil-
ity p(a,b) factors likep(a,b) = p(a)p(b). Such an independence is denoted dsb [39]. It
means that the state ofis irrelevant to the state @ and vice versa. Similarly, two variables
a andb are independent conditional on some other variables contained in theSétthe con-
ditional probability factors like)(a,b|S) = p(a|S)p(b|S) givenp(S) > 0. This is equivalent
to p(alb,S) = p(alS) or p(bla,S) = p(b|S) provided thaip(a,S), p(b,S),p(S) > 0. This
means thab is irrelevant toa if the joint state of the variables in the sgfis known. Let such
a conditional independence be denoted 4s) | S [39].

If two variables are not independent then they are said tdependent. Again, one can dis-
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tinguish between a marginal dependence of two variablasdb, designated as £ b, and a
dependence conditional on a sgtdenoted as £ b | S.

2.2 Bayesian Networks and their Properties

Throughout this thesis, let the set @ll the variables in a domain be denotedlgsand the
variables ag, b, ... € V. Theconditional independences and dependences (CIDs) underlying a
multivariate probability distribution for the variablesihare reflected by thgraphical struc-
ture of a Bayesian network, the so-callditected acyclic graph (DAG). It is described in the
next section. The other component of a Bayesian network is a serafneters, rendering a
guantitative description of probability distributions possible (cf. Section 2.2.2).

2.2.1 Directed Acyclic Graph (DAG)

Let us first be concerned with the directed acyclic graph (DAG).e. the Bayesian network
structure. It is related to probability distributions in such a way that the random variables
correspond to the nodes or vertices in the DAG. Let us henceansables, nodes andvertices
interchangeably in this thesis. Besides the varialdagcted edges or arcs are present in a
DAG. No undirected edges are allowed. A directed edge which is oriented from varitbbe

is denoted as — b orb + a. When the orientations of the edges are ignored, an undirected
graph is obtained, named tHieeleton of the DAG m. Let the skeleton be designatedrasAn
undirected edge between two variables € V is denoted as ~ b.

A path between two variables,b € V is a sequence of edges= oy ~ ¢y ~ -+ ~ 2, = b
irrespective of their orientations, anddaected path from « to b is a sequence of edgas=

xg = 1 — -+ — x, = bsuchthat;; | — =; forall: = 1,...r. Itis crucial that the Bayesian
network structure — hence the notion of a direcéeyclic graph — doesiot containdirected

cycles, i.e. a directed path which begins and ends at the same variable. This is illustrated in the
simplistic DAG shown in Figure 2.1, where no directed cycle occurs although the variables

d, g ande are involved in doop, i.e. the corresponding skeleton contains a closed path.

The following notation is inspired by a family tree. Tharents pa,,(a) of a variablea in the
DAG m is the set of variables € V such that there exists a directed edge> a. The variable

a is called achild of v. If the orientations are disregarded, the notiom@ghbors of a variable

a € Vis useful, denoted as:(a). The sete(a) contains all the variables adjacentitoWhen
several "generations” are considered, a variabte V belongs to thencestors of «, denoted
asan(a), if there exists a directed path fromto a. Conversely, a directed path exists from a
variablea to each of itddescendants. In Figure 2.1, for instance, the variakldas the parents
a andb, i.e. pa,,(d) = {a,b}, and the childrerf andg. The neighbors ofl compriseqa, b, f
andg in the skeletonn. Furthermore, the variable has the descendentsd, f andg, while
the ancestors of are given byan(g) = {a,b,d, e}.

Due to its acyclicity, a DAG entails aancestral ordering on the variables. This is total
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skeleton pattern

Figure 2.1: A simplistic DAGn, its skeletonn, and the pattern of the equivalence class.

ordering relation<, i.e. for alla,b,c € V it has to hold that (1 < b V b < a, (2)

a<b AN b=<aimpliesa =0,(3)a £a,and (4)a <b A b < cimpliesa < c. Typically, a

DAG does not determine a unique total ordering. It only definpartial ordering. In Figure
2.1, two valid ancestral orderings — among others —sare b < ¢ <d < e < f < gor

b<a<d<f<e<g=<ec.

There are essentially two alternatives of how to relate the graphical structure of a Bayesian
network model to the conditional independences and dependences underlying probability dis-
tributions, namely théarkov assumptions and thed-separation criterion. Regarding the for-

mer, three variants have to be distinguished, namely the directed pairwise, directed local and
directed global Markov properties (see e.g. [101]). If the probability distribution is strictly
positive, all three Markov properties can be shown to be equivalent, as one might desire. The
Markov assumption is made in many areas of research in order to approximate problems which
are too involved otherwise. The Markov approximation says essentially that the state of a vari-
able depends only on the state taken by the variables in its vicinity, i.e. the latter shield this
variable from the influence of the other variables in the domain. For instance, in the analysis of
time-series it is often assumed that only the current state of the world has an impact on the state
of the world in the next time-step, independent of the past. Another example is pattern recog-
nition, where it is often assumed that only the values of neighboring pixels depend directly on
each other.

Let us now focus on the second criterion, i.e. the d-separation criterion [116], as it will be ap-
plicable more easily later in this thesis. As desired for reasons of consistency, the d-separation
criterion can be shown to be equivalent to the directed global Markov property of Bayesian
networks [103], and hence also to the other Markov properties provided that the probability
distribution is strictly positive.

Definition 2.1 (D-Separation [116]) In a DAG, two digoint sets of variables .4 and 53 are d-
separatedy athirdset S C V' \ (AU B), denoted as A L 5| S, if and only if along every path
between avariablein .4 and avariablein 5 thereisa variable s satisfying one of the following
two conditions:

e 5 has converging edges and none of s or its descendants arein S, or

e s does not have converging edgesand s € S
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A variable s € V has converging edges;$ s +", when the preceding and the successive
variable along the path are both parentssofNot only the presence of edges but also their
orientations are thus crucial in order to render variables d-separated. This definition implies
that a path between two variableshlecked when one of the above two conditions is fulfilled,
andactivated otherwise. Hence, two variablesb € V are d-separated by a s&f when all
paths between them are blocked. It is important to notedhat | S does not implya Lb|8

for otherS’ # S. This holds even ifS' 5 S, since a blocked path can become activated by
an additional variable’ € S’, s’ ¢ S due to the first condition in Definition 2.1. This is an
important difference to Markov networks (cf. also Section 2.3). In the DAG shown in Figure
2.1, for instance, the variablesande are d-separated given but they are not d-separated
given bothb andg. If two disjoint setsA and B are not d-separated by a s¢then they are
also said to bel-connected, designated agl £ 5|S.

Let us now relate the structure of a Bayesian network to the set of probability distributions it
describes by means of the d-separation criterion. Namely, a d-sepadatidn| S read off

the DAG m entails the conditional independencel b | S in the probability distributions de-
scribed. In other words, all the probability distributions exhibit the conditional independences
implied by the DAGm, but might differ from each other due to different values of the pa-
rametersy chosen in the Bayesian network. Particular choices of the parameters can entail
probability distributions which imply additional independenc®st represented in the DAG.
However, it can be shown thatmost all probability distributions described by Bayesian net-
works (in a measure-theoretic sense) imply a conditional independence if and only if the DAG
represents the corresponding d-separation [111] (cf. also the Sections 2.2.4 and 4.1).

2.2.2 Recursive Factorization of the Probability Distribution

The d-separation criterion and the Markov properties are equivalent to yet another characteristic
of Bayesian networks, namely to the decomposability of its probability distribution when the
latter is strictly positive. The proof of the equivalence is essentially based on [74]. A Bayesian
network model with the DAGn describes a probability distribution for a set of variablés
which factorizes recursively like

p(V) = [ [ p(v | pa,(v)). (2.2.1)

veY

The multivariate probability distribution for) hence decomposes intmivariate probability
distributions, rendering the Bayesian network model to be quite modular. The set of parame-
tersg of a Bayesian network model is the set of conditional probabiljiied pa,,(v)), where

pa,,(v) denotes the parents of a variablén the DAG m. This sort of factorization has two
consequences regarding learning Bayesian networks. First, since each of the conditional prob-
abilities typically involves only a small number of variables, [, (v)| < |V| forallv € V,

the parameters of a Bayesian network can be estimated from finite data with increased reliabil-
ity. Second, the parameters of a Bayesian network, since they are conditional probabilities, can
directly be calculated from the probability distribution implied by the data. In contrast, param-
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eter estimation in other graphical models generally requires iterative procedures, e.g. iterative
proportional scaling in Markov networks [37] (cf. also Section 2.3).

2.2.3 Markov Equivalence

A DAG determines a unique set of probability distributions which exhibit conditional indepen-
dences according to the d-separation criterion. The opposite situation is encountered in struc-
tural learning, where the question arises whether the conditional independences and depen-
dences implied by a probability distribution determine a unique DAG. In general, the answer is
negative. For instance, the DAGs), m1 andms in Figure 2.2 display the same d-separations

and d-connections. Hence, they describe the same set of probability distributions. This can
also be seen from the factorization of the probability distribution (cf. Equation 2.2.1), as it is
equivalent to the d-separation criterion given strictly positive distributions. The following three
factorizations are entailed by the DAGg, m andms in Figure 2.2:

pla,b,c) = plalc) p(c|b) p(b) = p(alc) p(ble) p(c) = p(c|a) p(blc) p(a) (2.2.2)

v v '
mg my mo

The identity of the different factorizations is apparent, as the second product follows from the
first one due to the general lawc|b) p(b) = p(b,c) = p(b|c) p(c), and similarly the third

one from the second one, assumji{g) > 0. Although the DAGm contains the same edges

as the previous three DAGS, it represents different d-separations and d-connections. This is
because the DAG:3 has acollider at variablec. A collider, or v-structure, is an ordered triple

of variablesa, c,b € V such that the edge betweerandb is absent and — ¢ «+ b.

a (o @ (b EVRI EVRE
o/
mg m ms

m, 2
atb alb
al bl {c} at b {c}

Figure 2.2: The DAGsng, m1 andms belong to the same equivalence class, whereas
contained in a different one.

It is obvious that the d-separations and d-connections establish a reflexive, symmetric and
transitive relation among DAGs, which is calléthrkov equivalence relation. This allows to
partition the space of DAGs intequivalence classes, where each equivalence class contains

all the DAGs which are Markov equivalent to each other. It can be shown that two DAGs
are equivalent if and only if they have the same skeleton and the same colliders [148]. This
means that all the edges not involved in a collider can be oriented arbitrarily as long as an
additional collider does not occur. The edges can hence be divided into ones with a reversible



14 2. BAYESIAN NETWORKS

orientation and others with an irreversible one. Edges with an irreversible orientation are also
calledcompelled edges [26]. An equivalence class is often visualized by means of a so-called

pattern [148], where edges with a reversible orientation are displayed without directions so that
only irreversible orientations are shown. This is illustrated in Figure 2.1.

The existence of equivalence classes has three consequences regarding structural learning in
Bayesian networks. First and most important, only the equivalence class rather than a particu-
lar DAG can generally be induced from the probability distribution implied by the data. Only

if statistical learning algorithms are supplemented with additional knowledge, e.g. about the
orientations of edges, a particular DAG can be determined. Second, the undirected edges in the
induced pattern of the equivalence class clearly cannot be interpreted as an association between
a cause and a consequence if no additional knowledge is available which implies certain ori-
entations. Third, structural learning in the search space of DAGs suffers from some disadvan-
tages, which can be overcome in the search space of equivalence classes [28,107]. Learning
algorithms operating in the space of equivalence classes are, however, computationally very
involved [28, 107]. The constraint-based approach is an efficient way to directly induce the
pattern of an equivalence class, which was used extensively in [142] (cf. also Section 3.3.2).

If one likes to explore the various DAGs contained in the same equivalence class, the notion
of acovered edge is useful [26]. A directed edge between two variablésc V is said to be
covered in a DAGn if it holds thatpa,, (a) \ {b} = pa,,(b) \ {a}, i.e. when disregarding the

edge betweem andb they have the same parents. The orientation of a covered edge can be
reversed in order to obtain another equivalent DAG [26]. This has important consequences for
the properties of scoring functions derived in Section 3.1.3. Moreover, this notion will also be
used in the discussion of the experiments in the Sections 5.6 and 6.3.

2.2.4 Perfect Map and Faithfulness

Structural learning is aimed at inducing DAGs which describe a given probability distribution
implied by the data. This section thus addresses the question whether a Bayesian network
structure is capable of describing all the conditional independences and dependences (CIDs)
implied by an arbitrary data set. For instance, assume that a probability distribution for the three
variables:, b andc implies the conditional independenced ¢ | {b} andb L¢|{a}, while the

other associations are dependences. Obviously, the CIDs cannot all be represented in a single
DAG (cf. also Figure 2.3). This suggests to represent either all the (conditional) independences
or all the (conditional) dependences in a DAG. This leads to the notion of I-maps and D-maps
(see e.g. [116]).

Definition 2.2 (Independence Map (I-Map)) A DAG isan independence map of a probability
distribution for a set of variables V if and only if a L b|S = a L b|S, or equivalently
afb|S=alb|S (forala,beV,SCV\{a,b}).

This means that every d-separation displayed in an I-map entails a (conditional) independence
in the probability distribution. However, the probability distribution might imply additional
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CIDsimplied by a probability distribution:

alb apc bic

axb| {c} allc| {b} bl c| {a}
some DAGs:

EVE (@j«—D] @\:—@ (aj«—b] (al«—b)

Mo my m, Mg my
D-maps [-maps
;\/_/
maximal D-map minimal |-maps

Figure 2.3: A DAG might not be capable of representing all the CIDs implied by an arbitrary
probability distribution.

independences not represented in an I-map. Apparently, the complete graph, i.e. the one
where all edges are present, is atrivial |-map of any probability distribution. More interesting
are minimal 1-maps, which are minimal in the sense that no edge can be removed without
destroying the property of being an I-map. In general, there can exist several minimal I-maps
which are not Markov equivalent. This is illustrated in Figure 2.3, depicting two minimal
I-maps containing different edges.

Definition 2.3 (Dependence Map (D-map)) A DAG is a dependence map of a probability
distribution for a set of variables V if and only if a £ b|S = a AL b|S, or equivalently
alb|S=alb|S (forala,beV,SCV\{a,b}).

A D-map hence represents all the conditional independences underlying the probability dis-
tribution, but additional independences can possibly be read off a D-map. Equivaently, al
dependences implied by a D-map are present in the probability distribution. Thus, the empty
graphisatrivial D-map, asit does not represent any dependences. A DAG isamaximal D-map
if no edge can be included into the graph without losing the property of being a D-map. Like
I-maps, there can generally be several D-maps which are not equivalent to each other.

Since D-maps represent fewer dependences, they typically contain a smaller number of edges
than I-maps. In the specia case that a probability distribution is such that a DAG can simul-
taneoudly be a minimal I-map and a maximal D-map of the distribution, this DAG is called a
perfect map, and the probability distribution is called faithful.
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Definition 2.4 (Perfect Map and Faithfulness) A DAG is a perfect map of a probability dis-
tribution for a set of variables V if and only if « L b|S < a L b|S (for all a,b € V,
S C V\ {a,b}). Aprobability distribution is faithful if and only if it has a perfect map.

If a probability distribution is faithful then the perfect map is uniquely determined (up to
Markov equivalence, of course), unlike I-maps and D-maps. The constraint-based approach
to structural learning in Bayesian networks typically requires the assumption that the probabil-
ity distribution implied by the data be faithful. Thisis discussed in the Sections 3.3.2 and 4.1,
as this assumption may not hold for probability distributions implied by finite data.

2.3 Graphical Models

Graphical models can be traced back to the beginning of the twentieth century, where they
were first used in statistical physics [68]. Independently, they have evolved in genetics and
statistics [7,153]. In statistics, so-called log-linear models have long been a popular approach
to modeling multivariate probability distributions for discrete variables. For a comprehensive
account, the reader isreferred to [11]. Graphical models can be considered as a special case of
so-called hierarchical log-linear models. Important papers which laid the modern foundations
of graphical models include [36,104, 105, 149-151]. The class of graphical models comprises
not only Bayesian networks but also Markov networks and chain graphs. While the latter two
models are widely used in statistics, Bayesian networks have attracted a lot of attention in the
Al community over the past one or two decades. In contrast to Bayesian networks, Markov
networks contain solely undirected edges! Since chain graphs allow for both directed and
undirected edges, Bayesian networks and Markov networks might be viewed as specia cases
of chain graphs.

The common characteristic of the various graphical models is the graphical visualization of
conditional independences and dependences (CIDs) by means of Markov properties. Regarding
aMarkov network, a conditional independence a L b | S corresponds to a separation of « and
b in the undirected graph such that every path between « and b contains avariable in S. This
entails again afactorization of the joint probability distribution, similar to Bayesian networks.
However, it cannot be expressed in terms of (conditional) probabilities in general. This renders
parameter estimation in Markov networks quite involved, as those factors of the probability
distribution, the so-called clique potentias, cannot be calculated directly from the data, but
usually require some iterative schemes like iterative proportional scaling [37].

Figure 2.4 depicts the classes of probability distributions — in terms of CIDs — which can be
captured by Bayesian networks and Markov networks [116]. It is obvious that certain CIDs
can only be represented by DAGs while others can only be reflected by the undirected graph
of a Markov network. An example for each of which is depicted in Figure 2.5. Moreover,

Although the undirected graph of a Markov network looks like the skeleton of a DAG, they may not be con-
fused.
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Markov networks
(undirected graphs)

Bayesian networks
(DAGS)

decomposable models
(chordal graphs)

chain graphs

Figure 2.4. Correspondence among graphical models (their graphs are put into brackets).

there is also an overlap between both models, indicating that certain probability distributions
can be described by both a Bayesian network and a Markov network [149]. Many structural
learning a gorithms focus on inducing these so-called decomposable models, asthey have some
properties which ease their induction from data. The structure of decomposable models is
typically visualized by an (undirected) chordal graph. An undirected graph is called chordal,
or triangulated, if every closed path (loop) of length four or more has at least one chord, i.e.
an edge between two variables along the loop which is not contained in the loop. This yields
that the undirected graph in Figure 2.5 is not chordal. Equivalently to an (undirected) chordal
graph, the structure can also be represented by a DAG without colliders? This indicates that
the probability distribution described by a decomposable model factorizes into a product of
conditional probabilities — which is similar to Bayesian networks — while its graph can be
displayed using undirected edges — corresponding to a Markov network.

S [ e
d alld|{b,}

Figure 2.5: The CIDs represented by the DAG (left) cannot all be displayed in the undirected
graph of a Markov network. Conversely, there is no DAG which can represent all the CIDs
shown by the Markov network structure (right).

Finally, let us note that the probability distributions described by graphical models belong to
the exponential family (see e.g. [6,64—66]). In detail, graphical models with hidden variables,
i.e. variables which are unobserved, belong to the so-called stratified exponential family [64—
66]. In the absence of hidden variables, Bayesian networks are curved exponential families,
while Markov networks are linear exponential families [64—66]. Some conseguences regarding
structural learning are mentioned in Section 5.9.

2.4 Some Related Tools for Data Analysis

There are various approaches to data analysis. Let us depict two of them which are closely
related to Bayesian networks. Association rules are a popular technique in data mining. Asso-

Note that converging arrows a — b « ¢ are not forbidden if also the edge between « and ¢ is present in the
DAG.
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ciation rules are aimed at measuring the strength of statistical associations between variables.
In the domain depicted in Figure 1.1, the variables "light failure?’ and " computer failure?’ are
only indirectly related to each other. Since association rules cannot account for such condi-
tional independences, they yield, a possibly strong, statistical association between "light fail-
ure?’ and "computer failure?’. One can imagine that, in domains with many variables, afew
direct associations entail alarge number of indirect associations. In order to gain insight into
such adomain it is thus desirable to distinguish between direct and indirect associations, asthe
former entail the latter. For this reason, association rules might provide less insight into the
interrelations of the various variables in adomain than Bayesian networks, or graphical models
in general, do.

[ hidden variable

Figure 2.6: A naive Bayesian network can be used for clustering.

Let us also mention clustering, another popular approach to data analysis, which isvery closely
related to aparticular kind of Bayesian networks, namely the so-called naive Bayesian network.
Clustering is aimed at grouping similar configurations contained in the data set into the same
cluster. The data can be considered as a set of cases, each of which representing a configu-
ration. The similarity of configurations can be measured by a metric defined in the space of
configurations. The latter istypically called feature space in the context of clustering. The fea-
ture space is hence partitioned into disjoint subspaces, where each subspace is called a cluster
or a scenario. Typically, each configuration belongs to a certain cluster, and the data set can
hence be understood in terms of (a few) scenarios, capturing the main effects underlying the
data. If the data set is such that the scenarios are not well-separated from each other, one might
prefer soft clustering, where a case is fractionaly assigned to multiple clusters. Besides other
methods, this can be achieved by means of a naive Bayesian network. It contains a hidden,
discrete variable whose states correspond to the different clusters or scenarios. Moreover, the
different variables (or features) of the domain, V = {z : i = 1,...,n}, are assumed to be
independent conditional on the hidden variable. This is sketched in Figure 2.6. The fraction
with which a configuration belongs to a particular cluster is measured in terms of probability.
For this reason, this approach to clustering has a sound theoretical basis. When a configura-
tion is entered as evidence into the naive Bayesian network, carrying out inference yields the
probabilities with which this configuration belongs to the various clusters, i.e. states of the
hidden variable. Since all the information is contained in the parameter values (rather than in
the structure) of the Bayesian network, visualization of the various clusters or scenarios can
be difficult. Various approaches are applicable for learning the parameters in the presence of a
hidden variable (cf. also Section 5.9).



Structural Learning

Structura learning, or model selection, is concerned with determining a Bayesian network
which describes the probability distribution implied by the data to some degree. This degree
is usually measured by means of a so-called scoring function. The latter maps the, possibly
high-dimensional, space of Bayesian networks to a one-dimensional one, typically to the rea
numbers. The properties of Bayesian networks outlined in the previous chapter suggest certain
features of scoring functions. Throughout the remainder of thisthesis, it isimportant to keep in
mind the notion of relative scoring functions introduced in this chapter. Additionally, interrela
tions among the different relative scores are derived in the following. Aswill become clear, the
main conseguences are that certain combinations of induced conditional independences cannot
coincide, and that a speed-up of the computations can be achieved.

Many learning algorithms try to find the (global) optimum of the scoring function. Un-
fortunately, the task of actually finding the optimal Bayesian network is an NP-hard prob-
lem [14, 27,84]. For this reason, one has to resort to a heuristic search strategy which can
efficiently determine a Bayesian network close to optimum. In Section 3.3, an overview of
popular learning algorithms is given. Asreviewed in Section 3.2, it can be beneficial to allow
for model uncertainty, instead of learning a single Bayesian network.

3.1 Scoring Functions

Scoring functions assign a score to a Bayesian network structure in the light of data. A data set
is a collection of cases, and a case contains an instantiation, i.e. avalue, for each variable in
the domain. It istypically assumed that the data set comprises independently and identically
distributed cases, i.e. al cases are drawn from the same probability distribution, and this is
done for each case independently of the others. Let a scoring function be denoted as F' and
the score of aDAG m as F(m). Itisassumed that F is strictly positive. One can hence use
the logarithmic scoring function f(-) = log F'(-), which helps avoid numerical problems. For
brevity, also f(m) issimply called scoring function (without "logarithmic”) when this s clear
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from the context.

3.1.1 Decomposability

A main property of the probability distribution described by a Bayesian network isitsrecursive
factorization, or decomposability (cf. Equation 2.2.1). Hence, one might desire that also the
scoring function F' shows this property,

F(m)= H F,(v|pa(v)), (3.11)

veY

where each term E, (v|pa(v)) involves only avariable v € V and its parents pa(v). Here, we
have explicitely distinguished among the different functions £, v € V. Thisis, however, often

skipped for concise notation in the remainder of thisthesis. The decomposability of the scoring
function F' holds for al the commonly used scoring functions (cf. also Section 3.1.4) in the
case of complete data and in the absence of hidden variables. The issue of incomplete data is
addressed in Section 5.9. The logarithmic scoring function reads analogously

Fm) =" fulvlpa(v)). (3.12)

veY

3.1.2 Relative Scoring Functions

The scoring function F assigns a score F'(m) to the entire graph m. Hence, the evaluation of
the score F'(m) can be computationally tedious, in particular in domains with alarge number
of variables v € V. Popular search strategies explore the search space of all DAGs m € M by
proceeding from one intermediate graph m; to some other m;;, where successive graphs are
typically very similar to each other. The score F'(m;1) can hence be computed efficiently by
reusing many terms F, (v|pa(v)) aready evaluated for the score F'(m;) (cf. Equation 3.1.1).
Alternatively, arelative scoring function may be employed, as described in the following.

m* m-

Figure 3.1: The DAGs m™ and m~ are distinct regarding the presence of exactly one edge,
namely a < b. # = pa,, (a) depicts the parents of a inthe DAG m, and the dots symbolize
the remaining network structure assumed to be identical in both DAGs.

Instead of an absolute scoring function F' concerning an entire graph, a relative scoring func-
tion is concerned with the difference in the scores of two graphs. In particular, let us consider
two DAGs m™ and m™ which differ in exactly one edge, namely let the edge a «+ b be present
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inm™ whileitisabsentin m~ (a,b € V). Thisasillustrated in Figure 3.1. The relative scor-
ing function, designated as G, is given by the following ratio involving the absolute scoring
function F’,

mt
G(mt,m™) = ?Em;
— Fa(dlpdm+((l)) FL»(Ulpam+(17))
Fulalpa,- @) Ak F(olpa,- ()
Fu(alpa,- () U {5})

- | (3.1.3)

Fy(alpa,,+(a) \ {b})
= Gla,b,pa,x(a)\ {b}),

where we again assume that F'(m) > 0 for all DAGs m € M. The second line in Equation
3.1.3 shows that the decomposability of F entails a considerable simplification of GG. Because
the DAGs m™ and m~ differ only in the parents of the variable a, i.e. pa,,+(a) \ {b} =
pa,,- (a), al the other ratios F,(v|pa,,+ (v))/Fy(v|pa,,-(v)), v € V\ {a}, are equal to one.
Consequently, the relative score G(m™, m ™) depends only on the variables a, b and pa,,,+ (a) \
{b}, where m¥ isashort-hand notation for the DAGs i+ and m~. Note the importance of the
parents of the variable to which the edge a« + b points, while the parents of the other variable
are irrdlevant. It is crucid that G is independent of al the other variables and hence of the
Bayesian network structure involving theremaining variables. In other words, the relative score
G(a,b,pa,,+(a) \ {b}) is determined once the parents of the variable « are known. Instead of
considering the entire graph, relative scoring functions are hence concerned with single edges
given the parents of the corresponding variable.

If the relative score G(a, b, pa,,+(a) \ {b}) islarger than one then the absolute score F/(m*)
is larger than F'(m™). Regarding the edge a « b, this means that its presence is favored
more than its absence given the parents pa,,+(a) \ {b}. Similarly, if the relative score
G(a,b,pa,,+(a) \ {b}) < 1 then the absence of the edge a «+ b is preferred given the parents
pa,,+(a) \ {b}. Thelogarithm of the relative scoring function is given by

t.m™) = logG(a,b,pa,,:(a))
= falalpay,«(a) U{b}) — falalpa,,z(a)) (3.1.49)

gla,b,pa,,=(a)\ {b}).

g(m

For brevity, we often use g(a, b) := g(a,b, ) in the remainder of this thesis.

Let us now be concerned with the difference in the scores of two DAGs my and ms9 which
are digtinct from each other with respect to several edges. The difference in the scores,
A(ma,m1) = f(ma) — f(my), can be expressed in terms of the relative scoring function
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g(ac,mtu{b}) - g(ab,mu{c})

g(a,b,m)

My

Figure 3.2: A cycle in the space of DAGs. = depicts the parents of a in ny, and the dots
symbolize the remaining network structure assumed to be identical in these DAGs.

g asfollows. The DAG m; can be viewed as the beginning of a sequence of DAGs where suc-
cessive DAGs differ from each other by the presence or absence of exactly one edge, and the
DAG m3 isat the end of that sequence. The sum over the relative scores regarding successive
DAGs results in the overall difference A(my,m). Itisobvious that such a sequence of DAGs
exists. Moreover, any sequence of DAGs between m; and m+ can be used for calculating this
difference. This is because the absolute scores f(m;) and f(ms) depend only on the graphs
m1 and ms. In physics, thisisatypical property of so-called potentials.

In the following, let us focus on a particular sequence of DAGs, namely the one which begins
and ends at the same DAG (cf. Figure 3.2). This sequence is hence a cycle. Let us begin to
proceed aong this cycle at the DAG my. First, two edges are subsequently included and then
removed in the reversed order. Since f is a potential, the sum of the involved relative scores
along the cycle hasto vanish!

0= gla,b,7) + gla,e,m U (b)) — gla,b,m U fe}) — gla,e.m),
or equivalently

g(a,b,mU{c}) — gla,c, 7 U{b}) = g(a,b,7) — gla,c, ), (3.1.5)
where 7 = pa,, (a). All four relative scores in Equation 3.1.5 have the same variable in their

first argument, namely a. In contrast, the variable in the second argument can change. Since
this relation among relative scores has to hold for al a,b,¢c € V andforal = C V' \ {a,b,c},

In physics, awell-known consequence is the fact that perpetual motion cannot exist.
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it follows immediately for all S C V which contain at least three variables that

g(a7b7$ \ {a,b}) - g(a,c,s \ {avc}) = g(a,b,s \ {avbvc}) - g(a,c,s \ {a’vbvc})'
(3.1.6)

This eguation shows that relative scores cannot al be independent of each other, since three
relative scores determine the value of the fourth one in Equation 3.1.6. Hence, only certain
combinations of relative scores can coincide, namely the ones in accordance with the con-
straints implied by Equation 3.1.6. This means, however, that the other combinations of val-
ues are forbidden. For instance, given that the edge a + b is favored to be absent due to
g(a,b,0) < 0 while the presence of the edge a + ¢ issupported by g(a, ¢, ) > 0, therelative
scores g(a, ¢, {b}) < 0 and g(a,b,{c}) > 0 cannot be found simultaneously. When negative
values of the relative scoring function are interpreted as induced (conditional) independences,
Equation 3.1.6 thus forbids the simultaneous occurrence of various combinations of induced
(conditional) independences.

Moreover, regarding the third argument of the relative scores in Equation 3.1.6, the sets on the
left hand side comprise one additional variable compared to one on the right hand side. This
can be exploited to speed up the computations of scores, as discussed in Section 5.4.2.

In this section, we have defined the rel ative scoring function g by means of the absolute scoring
function f. Conversely, f can aso be expressed interms of ¢. Thisis, however, not of practical
use concerning efficient computation. Starting out from the empty graph, a sequence of DAGs
can be obtained by successively including edges (in some arbitrary order) until one arrives at
the DAG m of concern. Each time an edge v + w isincluded, the relative scoring function is
evaluated on the basis of the current DAG m;,,¢. This eventually resultsin

f(m) = f(mempty) + Z Z g(’U, W, Pay,,; . (U))a (317)

v€Y wepa,, (v)

where the sums are only carried out over the variables v € V with pa,(v) # 0. The score
f(mempty) Of the empty graph is often ameaningless constant, which might hence be set to zero
for simplicity. The only exception occurs when a (posterior) probability is used as a scoring
function (cf. Section 3.1.4). Inthiscase, f(mempty) 7 0 acounts for the normalization of the
(posterior) probability distribution. Up to a constant, absolute and relative scoring functions
can thus be used as equivalent aternatives.

3.1.3 Score Equivalence

An important property of Bayesian network structures is Markov equivalence, as outlined in
Section 2.2.3. Conseguently, one can only aim at determining the equivalence class rather than
a particular DAG on the basis of the probability distribution implied by the data. Only in a
causal discovery setting or in the case of prior knowledge about the orientations of some edges,
it might be reasonabl e to distinguish among equivalent DAGs. In many cases, however, thereis
no reason for favoring a particular DAG more than another equivalent one. Consequently, itis
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-9(ab,S\{a,b}) 9(b,a,S\{ab})

Figure 3.3: The equivalent DAGs m; and mj are assumed to be identical except for the
orientation of the edge between a and b, which is covered because pa(a) \ {b} = pa(b)\{a} =

S\ {a,b}.

often desirable that an (absolute) scoring function assigns the same score to equivalent DAGs.
Thisiscaled score equivalence. This section is concerned with the properties of absolute and
relative score-equivalent scoring-functions.

In Figure 3.3, the DAGs m| and m] are equivalent, since they differ only in the orientation
of the edge between a and b, which is a covered edge (cf. Section 2.2.3). Hence, the scores
f(m7) and f(m3) have to be identical, and it follows immediately for a score-equivalent
relatlve scoring-function g that

g9(a,b,5\ {a,b}) = g(b,a,S \ {a,b}) (3.1.8)

forall S C V which contain at least two variables, and for al a,b € S. Thisimplies that there
are more interdependencies among score-equivalent relative scores than there are among non-
score-equivalent relative scoring-functions. Whereas the first variable in each of the scores has
to be the same in Equation 3.1.6, Equation 3.1.8 allows the first and the second variables to be
swapped. Regarding score-equivalent scoring-functions, there is hence also arelation between
the relative scores g(a,b, S\ {a,b}) and g(c,d. S\ {c,d}) whereall thea,b,c,d € S C V can
be pairwise different. For al S C V which comprise at least four variables thisis given by

g8\ {a.)) — glerd, S\ {erd))
= g(a,b,S8\ {a,b,c}) — g(a,c, S\ {a,b,c})
+g(a,c,S\{a,c.d}) — g(c.d, S\ {a,c,d})
= gab,8\ abye}) — glbresS\ asboe)
+g(b,e, S\ {b,¢c,d}) — g(e,d, S\ {b,c,d}) (3.1.9)
= 90 b8\ abod}) — gla.d. S\ {a.b.d))
+g(a,d, S\ {a,c,d}) — g(c,d, S\ {a,c,d})
= g0 b.8\ a.bod)) — g(b.d.8\ a.b.d})
+g(b,d,S\ {b,c,d}) — g(c,d, S\ {b,c,d}).

Like in Equation 3.1.6, the third arguments of the relative scores in the first line contain one
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variable more than the ones in the remaining lines in Equation 3.1.9. This can be exploited in
order to achieve computations of score-equivalent scoring-functions which are more efficient
than the ones of non-score-equivalent scoring-functions (cf. Section 5.4.2), particularly when
the scores are evaluated in ascending order of the set S.

Concerning absolute scoring functions f which are decomposable and score-equivalent, it is
apparent from the equivalence of the DAGs i and i3 in Figure 3.3 that

falalS\A{a}) + fo(blS \ {a,b}) = fa(alS\ {a,b}) + fu(b]S\ {b}) (3.1.10)
or equivaently
falalS\{a}) = fi(b[S\ {b}) = fulalS\ {a.b}) = fo(b]S \ {a,b}) (3.1.11)

for dl S C V with at least two variables and for al a,b € S. Like in the case of relative
scoring functions, score-equivalence entails additional interrelations among absolute scoring
functions. Moreover, the terms on the left hand side in Equation 3.1.11 contain one variable
more than the ones on the right hand side. This can be exploited for efficient computations of
absolute scores in a similar manner as for relative scores (cf. Section 5.4.2).

3.1.4 Popular Scoring Functions

The most popular Bayesian networks contain solely discrete random variables with a multi-
nomial distribution. Alternatively, domains may contain solely continuous variables with a
multivariate Gaussian distribution (e.g. [63]) or a combination of discrete and continuous vari-
ables. In the so-called conditional Gaussian distribution [80, 105], the discrete variables have
amultinomial distribution and the continuous ones a multivariate Gaussian distribution condi-
tional on the discrete variables. Note that a Gaussian distribution implies a linear association
among the variables. Continuous variables with non-linear associations can be modeled by
various approaches [60, 85, 86, 113]. Since the main purpose of this work is the development
of a new search strategy rather than the extension of the scoring function to some particular
distribution, we focus on discrete variables with amultinomial distribution for simplicity when
becoming more specific in the following. Nevertheless, many parts of this section also hold in
general.

Maximum Likelihood

A common measure of goodness of fit of a Bayesian network model with the DAG m is the
maximum (log-)likelihood 1(4,,,) = log L(6,,) := log p(D|m,8,,), whered,, isthe maximum

likelihood estimate of the parameters of the model, and D represents the data. Since the like-
lihood decomposes as L(#n) = [T,cy Lo(fujpa,. (1)) Given complete data and in the absence
of hidden variables, each "local” likelihood I, can be maximized separately. The parameters

of a Bayesian network are the conditional probabilities of a variable given its parents in the
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DAG (cf. Section 2.2.2). In the domain of discrete variables with a multinomial distribution,
the maximum-likelihood estimate of the parameters is given by

) N, NN
Qv\pa(v) (7, k‘) = U;VL(?)‘
Npaw) (k)

which one might have guessed right away, asit is the maximum-likelihood estimate of the con-
ditional probability that the variable v isin state i € Z(v) given that its parents pa(v) arein the
(joint) state k € Z(pa(v)). The frequencies or (cell) counts N (-) of the various configurations
are sufficient statistics in this domain. The maximum (log-)likelihood of a Bayesian network
with the DAG m and the parameters#,, reads

lxrtv,pa(v) (l’ k)

(3.1.12)

WOm) =3 D Nupa(is k) log — G (3.1.13)
vEY  €Z(v), Vpa(v)
KEZ(pa(v))

where the first sum ranges over al the variables v € V in the domain, and the second one
over the various configurations Z(-). Note that all graphical models do not allow maximum-
likelihood estimates to be calculated in closed form from the cell counts. In fact, thisis a
particular property of Bayesian networks. For instance, Markov networks require iterative
schemes, like iterative proportional scaling [41], in order to calculate maximum-likelihood
estimates approximately. A concise description of maximum-likelihood estimation in graphical
models with discrete variablesis provided in [100].

Regarding two nested models? with the DAGs m™ and .~ it can be shown that the inequality

1(6,,+) > 1(f,,- ) holds (cf. e.g. [55]). It is thus not advisable to use the maximum likelihood

by itself for structural learning, since the maximum likelihood of the complete graph is larger
than the one of any other graph. Some practical problems related to a saturated model® are the

intractability of inference in the model and the possibly large demand for computer memory in
order to store all the parameters. Although a saturated model usually performs very well on the
training data, i.e. the data which was provided for learning, its predictions are in general very
poor on new data, i.e. data which was not used for learning. This is an important issue, caled
over-fitting. It was noticed in classification problems long ago [17]. Ever since researchers
have paid attention to avoid over-fitting in order to achieve improved predictions. A popular
way of approximately assessing the quality of the predictions of amodel inthelight of new data
is cross validation [145]. It is briefly described in Appendix A, and we applied this technique
in our experiments with real-world datain Section 6.3.2. Prequential validation [40] isamore
recent approach addressing the problem of over-fitting, too. However, it has been used less
commonly so far.

Maximum likelihood is, however, not useless in structural learning as long as it is combined
with aterm penalizing model complexity, since the optimal model with respect to such a scor-
ing function is not necessarily the saturated one. Hence, this helps avoid over-fitting. A trade-
off between model complexity and the goodness of fit of amodel is thus essential for scoring

*Two Bayesian networks are said to be nested if it holds for their DAGs »i and m ™~ that pa,, + (v) D pa,, - (v)
forall v € V,i.e. the oneisasubmodel of the other.
3A Bayesian network model is called saturated when its DAG is complete, i.e. no edge is missing.
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functions. When the goodness of fit is measured in terms of maximum likelihood, very popular
scoring functions are the Akaike Information Criterion (AIC") [1,2] and the Bayesian Informa-
tion Criterion (BIC), aso caled (Jeffreys-)Schwarz Criterion [132]:

AIC:  farc(m) = 1(0m) — |0m] (3.1.14)
. 1 -
BIC:  fpic(m) = UOn) = 5|0m|log N (3.1.15)

In both criteria* the term penalizing model complexity is measured in terms of the number of
independent parameters which is given by

6. = S (Z() = 1) - Z(pao))] (3.1.16)

veY

where |Z(v)| denotes the number of states of the discrete variable v € V, and

1Z(S)| = ] 1Z(s)l (3.1.17)

SES

isthe number of (joint) states of aset of variables S C V> Note that the number of independent
parameters is (|Z(v)| — 1) rather than |Z(v)| conditional on each configuration of the parents,
since the parameters in the Bayesian network model are normalized, as they are (conditional)
probabilities. The main difference between the two penaty termsinthe AIC and BIC isthat
the latter depends also on the number of cases V inthe dataset. Thus, the BIC generally favors
less complex models than the ATC' does (when log N > 2). Infact, it was shown that the ATC'
tends to yield too complex models, even in the asymptotic limit [95, 137]. The value of the
constant factor in the penalty term of the AIC' is more or less arbitrary, asit is a conseguence
of AIC’s optimality with respect to the Kullback-Leibler divergence in the asymptotic limit.
Other distance measures lead to different values [106]. In contrast, the BIC' is asymptotically
equivalent to the log-likelihood in prequential validation [40]. Thisis, however, only proven
to hold for Bayesian networks without hidden variables [64—66, 78] (cf. aso Section 5.9).
Another popular measure is the Minimum Description Length (M DL) [125,127,128], which
stems from information theory. Although it has a completely different origin than the BIC,
both measures are essentially identical. Variants of the M D L metric can, for instance, be found
in[13,75,99,126].

In the case of complete data and in the absence of hidden variables, both the maximum log-
likelihood and the term penalizing model complexity decompose into terms such that each of
which involves only a variable and its parents. Hence, AIC' aswell as BIC' can be used as
relative scoring functions ¢ (cf. Section 3.1.2):

AIC:  gaic(a,b,S) = d(aLlb|S) —d, (3.1.18)
, ‘ 1
BIC: ggic(a,b,S) = d(aLlb|S)— ;df log N, (3.1.19)

“Regarding both ATC' and BIC', we have omitted afactor of 2 which is often present.
®In casethat S = 0: |Z(0)| = 1.
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where a,b € Vand S C V \ {a,b}. Asdiscussed in Section 3.1.2, these relative scoring
functions are independent of the other variables V\ (SU{a, b}) inthe domain. Inthe Equations
3.1.18 and 3.1.19, the logarithm of the likelihood ratio is written in terms of the deviance
difference®

d((lJLb|S) = l(érrt+) _l(ém_)
L oe M) o LaPugsu)
L(em_) LG(GG‘S)
.. lNYabS(i:jak) ‘7\73(]?)

= Naps(iy g, k)log ——= - 3.1.20
a’;;)- psid ) ° Na,S(lﬂ k) Nb,S(]ak) ( )
FET(b),
kEZ(S)

The deviance difference depends only on a, b and S, and so do the degrees of freedom obtained
from Equation 3.1.16,

dt 1= Byt | = B | = (Z(0)] = 1) - (IZ(0)] = 1) - [Z(S)]. (3.1.21)

where |Z(S)| is given in Equation 3.1.17. Instead of Equation 3.1.21, one might also use
adjusted degrees of freedom [5, 11], in particular when the contingency table contains a large
number of zero cell-counts.

Many constraint-based approaches to structural learning employ the \?-independence-test (cf.
Section 3.3.2). Let us note that it can essentially be rewritten such that it resembles arelative
scoring function, namely like

9y2(a,b,8) = d(aLb|S) — %X“{,a(df), (3.1.22)
where the quantile y? _ (d;) plays the role of the term penaizing model complexity. The
quantile depends on the significance level o, e.g. 5%, aswell as on the degrees of freedom 4.
Since it is a non-linear function of the latter, there cannot exist an absolute scoring function,
though. Being aware of this fact, we nevertheless apply this "relative scoring function” and
compare it to other relative scoring functions in our experiments (cf. the Sections 5.6.2 and
6.3.2). A positive sign of ¢, (a,b,S) corresponds to rejecting the conditional independence
a L b|S, while the latter may be accepted for negative values.

Marginal Likelihood and Posterior Probability

Bayesian statistics is an alternative to the classical (frequentist) approach! In many respects,
the Bayesian approach can be considered as diametrally opposite to the frequentist one. A

®Again, the factor of 2 is omitted.

"The expressions Bayesian statistics and Bayesian networks may not be confused. While the former specifies
thekind of statistical approach (Bayesian versus frequentist), taken to structural learning here, the latter is the name
of the model under consideration here (as opposed to ,e.g., Markov networks, chain graphs, neural networks, etc.).
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comprehensive account of Baysian statistics is provided in [10]. The Bayesian approach treats
the parameters of a Bayesian network model as random variables with some distribution, like
the other random variables v € V in the domain. The marginal likelihood of a DAG m in the
light of the data D is given by

p(D|m) = / B P(D [ Be) (B | ), (3123)

where p(#,,, | m) istheapriori probability for the parameters 6,,,. Since the marginal likelihood
can depend on the particular choice of the prior p(6,, | m), a careful analysis of data usually
requires a sensitivity analysis where the influence of the prior on the final result is examined.

Unlike ATC and BIC, described in the previous section, the marginal likelihood in Equation
3.1.23 does not exhibit aterm explicitely penalizing model complexity. Nevertheless, such a
penalty term is inherent in p(D | m), as can be understood in various ways. First, integrating
out the parameters in Equation 3.1.23 penalizes more complex models, i.e. modelswith alarger
number of independent parameters, because these models can apriori describe alarger range of
distributions. Second, the data D can be treated in a sequential manner, i.e. one case after the
other istaken into account. Let the entire data set D comprisethecases G (i = 1, ..., N), and

let D; denote the cases 1, ..., C; 1. When the margina likelihood is rewritten by the chain

rule of probability theory as

N
p(D|m) =[] p(Ci| Di,m), (3.1.24)
=1

it becomes apparent that the prediction of the case C; is based on the previous cases
Cq, ..., C;—1 [40]. This mechanism iskind of similar to cross validation (cf. also Appendix A).
Third, the penalty regarding model complexity becomes explicitely visible (to some approxi-
mate degree) when the logarithm of the marginal likelihood is asymptotically approximated by
the BIC (cf. Equations 3.1.28 and 3.1.15).

The posterior probability of a DAG m isrelated to its marginal likelihood by means of Bayes
theorem,

p(m|D) = ; p(D|m), (3.1.25)

where p(m) is the a priori probability for the DAG m and p(D) is the probability for the
data D. It is apparent that the Bayesian approach allows the incorporation of prior knowledge
regarding the parameters as well as concerning the Bayesian network structure. According to
Equation 3.1.25, the learning task can be viewed as updating one’s prior belief on the basis of
the data, as the latter has an impact on the marginal likelihood, i.e.

Posterior « Likelihood x Prior. (3.1.26)

The proportionality is due to the probability for the data p(D) being unknown in general.
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Instead of the posterior probability, one might use p(m, D), like in [81], since it involves
only p(m) and p(D | m). An aternative to this absolute scoring function is a relative scoring
function regarding two DAGs m™ and m ™. A popular choice is the posterior ratio,
+ + +

pm | D) _ pD]m™) p(m™) (3.1.27)

p(m=[D) ~ p(D[m=) p(m~)
which is the product of the prior ratio p(m*)/p(m~) and the Bayes factor B(m™,m™) =
p(D|m™)/p(D|m™)[88]. A particular choice of the DAGsm™ and m ™ isdepicted in Figure
3.1. Before being concerned with this, let us first consider the margina likelihood in more
detail.

Marginal Likelihood

From a practical point of view, the main problem of the Bayesian approach is the calculation
of the marginal likelihood, because it involves the evaluation of the integral in Equation 3.1.23
which isvery complicated in genera. This problem can be tackled by methods like importance
sampling [25,115,122], Markov chain Monte Carlo, in particular the Metropolis-Hastings algo-
rithm [77,112] and the Gibbs sampler [67], or by variational approximations (for an overview,
see e.g. [93] and the references therein). In the following, the asymptotic approximation by
means of the Bayesian Information Criterion (BIC') is described, as well as the use of conju-
gate priors, the latter rendering an exact analytical evaluation of the integral in Equation 3.1.23
possible.

The BIC appears in the asymptotic approximation to the log marginal likelihood by Laplace’s
method [132],

logp(D|m) ~ ferc(m). (3.1.28)

Thisisavalid approximation for Bayesian networks without hidden variables, astheir probabil-
ity distribution belongs the curved exponential family [78]. In contrast, Bayesian networks with
hidden variables describe alarger class of distributions, the so-called stratified exponential fam-
ily, where the BIC' may not be a valid approximation to the log marginal likelihood [64—66].
Only terms which are relevant in the asymptotic limit are retained in the BIC. When it is ap-
plied to finite data, this approximation may be improved by including terms with finite values,
like 1/2|ém|10g(27r), as examined in [46]. Additional terms are present in Kashyap's crite-
rion [92]. An overview of the various approximations to the marginal likelihood can be found
in [30,31,93,106,133].

An advantage of this approximation is that it can easily be evaluated, like the maximum log
likelihood. Moreover, the BIC' avoids the explicit introduction of priors. However, the BIC
isonly arough approximation to the log marginal likelihood. This is apparent from the fact
that exp(gprc)/B # 1 occurs for at least some priors in the asymptotic limit (B is the Bayes
factor, and g isgiven in Equation 3.1.19). Nevertheless, (log B — ggr¢)/ log B — 0 holds
in the asymptotic limit (see e.g. [94]). The relative error is generally of the order of O(1). For
some particular choices of the prior, e.g. the unit information prior, this error is only of the



3.1 SCORING FUNCTIONS 31

order O(N~1/2), where N is the sample size [93, 94, 123]. The BIC is hence conveniently
used in many learning algorithms, e.g. [22].

A Bayesian scoring function based on conjugate priors was first applied to structural learning
in Bayesian networks in [33, 34], which was later extended in [79]. The idea behind conjugate
priors is to choose the prior distribution for the parameters such that the prior belongs to the
same family asthe posterior distribution. Equation 3.1.26 illustrates that the posterior can then
easily be used as a prior when learning from subsequent cases. Such achoice does not necessar-
ily exactly reflect one's prior knowledge, but it allows the evaluation of the integral in Equation
3.1.23 in closed form. In order to calculate the margina likelihood of a DAG analytically,
a few assumptions are necessary, like complete data, (global and local) parameter indepen-
dence [139] and parameter modularity [81]. With these assumptions, Bayesian networks are
particularly suitable for developing a Bayesian scoring function like the marginal likelihood
or the posterior probability of a DAG. Regarding discrete variables with a multinomial dis-
tribution, the conjugate prior belongs to the Dirichlet distribution. Other distributions for the
variables require, of course, different prior distributions for the parameters (see e.g. [10]). For
instance, the marginal likelihood of Bayesian networks containing continuous variables with a
Gaussian distribution iscalculated in [63]. Based on these assumptions, the marginal likelihood
of aDAG m with discrete variables v € V can be written as

(Dl — TT 20} Upay,(v))
p(D|m) 1; Qoa, (o)) (3.1.29)

where D isthe dataand pa,, (v) are the parents of the variable v € V in the DAG m, and

ais)= [ F(N""F((QT,J’) Ns) (3.1.30)
JET(S) s

The function €(-) maps the cell counts Ns(j) of the various configurations j € Z(S) of a
subset S C V to the real number ©(S) by means of the Gamma function I'(-). Although this
notation differs dlightly from the original onein [34,81], it is equivalent to it. This notation is
used to illustrate the different factors more clearly. The parameters N; arise from the Dirichlet

prior. When they are chosen as N = Ng(j) = N'p(j) with a constant N’ then the marginal

likelihood in Equation 3.1.29 results in a score-equivalent scoring-function [81]. Conversely,
it can be shown that the assumption of score equivalence entails the prior distribution to be
Dirichlet with Ng = N’ p(j) [81].

The prior probabilities p(j) of the various configurations j € Z(S) can, for instance, be deter-
mined by a Bayesian network specified a priori [81]. Often, such prior knowledge might not
be available so that one might prefer the uninformative assignment

N

Ng = —
STz

(3.1.31)

where |Z(S)| denotes the number of all joint states of the variables in S [19]. A similar as-
signment was chosen in [34]. However, the latter does not obey the normalization condition
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]:N’ = Y jeris) Ns = [Z(S)|Ng foral S C 'V, as required by a score-equivalent scoring-
unction.

Posterior Probability

L et us now be concerned with the particular DAGs ni™ and m ™ shown in Figure 3.1. Since the
margina likelihood in Equation 3.1.29 is clearly decomposable, the relative scoring function
based on the posterior ratios (cf. Equation 3.1.27) reads

o D) _ plon®) D)

(m=|D)  p(m~) p(D|m~)
p(m*) QS U{a,b}) QS)
p(m=) USU{a}) S U{b})
= Gpost(a,b,S),

Gpost(m'+a m'_) =

3

(3.1.32)

where the function €2(-) is given by Equation 3.1.30. Again, many terms have canceled out,
and G depends only ona,b,€ Vand S C V\ {a,b}, astypical for relative scoring functions
(cf. Section 3.1.2). Various ways for assigning priors to the different network structures are
discussed in [81]. A score-equivalent scoring-function is obtained when the same prior prob-
ability is assigned to equivalent DAGs, which is called prior equivalence. A simple choice,
which also leads to decomposable priors, is the assignment

p(m) = e?1Em)+n, (3.1.33)

where |€(m )| denotes the number of edgesin the DAG m, and » isthe normalization constant.
The factor 3 can be chosen to penalize or favor DAGs a priori according to their number of
edges. The assignment 3 = 0 leads to auniform prior for the network structures. It is apparent
that Equation 3.1.33 fulfills prior equivalence, since this prior isindependent of the orientations
of edges.

According to the Equations 3.1.32 and 3.1.33, the logarithmic relative score reads
Gpost(@,0,S) = log Gpest(a,b,S)

QS U{a,b}) S)
(SU{a}) USU{B})

3 +log 5 (3.1.34)

for the variables a,b € V and the subset S C V \ {a,b}. When the relative score g(a, b, S)
is positive then the presence of the edge a + b is favored given S, wheresas its absence is
supported by g(a,b,S) < 0 (cf. Section 3.1.2)8 In greedy algorithms, the relative score
gla,b,S) is often compared to a threshold value v which might differ from zero. A positive
value of v isoften chosen in order to induce an edge a «+ b to be present given the set S only if

8For simplicity, we assume that g(a,b,S) # 0, i.e. the presence and the absence of an edge are not equally
likely.



3.2 MODEL UNCERTAINTY AND MODEL AVERAGING 33

it is so to some notable degree (cf. also Table 5.5). A positive value of ~ can also be viewed as
an additional prior which penalizes DAGs with an increased number of edges, like the prior in
Equation 3.1.33. Similar statements apply to negative threshold values. Thus, Equation 3.1.34
can alternatively bewritten like 5.« := 3 — =, implying the use of avanishing threshold value
Ynew = 0.

In the Bayesian approach, the parameters of a Bayesian network are usually estimated by aver-
aging over the posterior distribution for the parameters, which are treated as random variables.
In the approach taken above [34, 81], the estimate of the parameter concerning the variable
v € Vinstatei € Z(v) and the parents pa(v) with the configuration k € Z(pa(v)) isgiven by

_ N, (i,k) + N’
. v,pa(v)\t ¥, v,pa(v)

9v| a(v) (lv k) = py = ) (3135)

i ]\pa(u) (k) + ‘Z\/}’)a(v)

where Ny and N v = N{,10a(,) @€ given by Equation 3.1.31. This expression isvery
similar to Equation 3.1.12 concerning maximum likelihood estimation. The only differenceis
that N}’Da(v) and N;)pa(v) act like pseudo observations in Equation 3.1.35. This fact entails a
clear interpretation of these parameters which origin from the Dirichlet prior: the constant

(cf. Equation 3.1.31) isthus called equivalent sample size [81].

3.2 Model Uncertainty and Model Averaging

In general, there may not exist a single true model which describes the probability distribution
implied by the data, while all the other models are useless. When given finite data, sampling
noise or lack of enough data can entail that several Bayesian networks might describe the
implied probability distribution about equally well. Thisis called model uncertainty. In order
to allow for model uncertainty in structural learning, the learning algorithm has thus to be
capable of finding possibly severa DAGs rather than a single one. Accounting for model
uncertainty has several benefits. First, when the various induced Bayesian network structures
are considered, misleading interpretations can be avoided by taking into account the confidence
in a certain structure. Second, when the induced Bayesian networks are used for predictions,
the predictive accuracy can be improved by using an average of the predictions of several
models, instead of relying on the prediction of a single one. When a single model is used for
predictions then uncertainty might be underestimated [46].

There are various approaches to model averaging. The Bayesian approach is theoretically
well-understood, and the posterior probability of amodel can be interpreted as the probability
of this model being the true one on the basis of the given data D. When accounting for model
uncertainty, the prediction of a quantity of interest =, e.g. the value of some variables or the
presence of a certain structure in the DAGs, is given by

p(z|D) = Y p(a|m,D)p(m|D), (32.1)
meM
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where the average is taken over all models. Apparently, this is a weighted average, and the
posterior probabilities p(m|D) play therole of the weights. Regarding the logarithmic scoring-
rule [71], the following inequality shows the benefits of model averaging [108]:

(log p(«|D))paip) = (log Y plafm, D)p(m|D))py|p) (322
meM
> (log(p(x|mo, D))p|D): (3.23)

where (-),,(., denotes the average with respect to p(-). Thisinequality indicates that averaging
over al models improves the predictive accuracy compared to using asingle m, € M.

The number of al DAGs, however, is much too large in many applications (cf. Equation
3.3.1). Hence, one has to resort to averaging over a feasible number of models, typically
about 10 or 20. Although the above inequality is not guaranteed to hold in this case, model
averaging based on a small number of models appeared to improve the predictive accuracy
in many experiments, e.g. [4, 18,108]. Various strategies for selecting a tractable number of
models have been proposed. For instance, one might choose only the high-scoring models, i.e.
the ones whose posterior probability is larger than a certain threshold value. It is also popular
to apply Occam’s razor, which disregards those complex models which contain a submodel
with a larger score. The latter two schemes can also be combined, which results in the so-
called Occam’s window [108]. Furthermore, coherence rules [62] are often employed in order
to render learning algorithms more efficient when allowing for model uncertainty [48,49, 108].
In the Bayesian approach, it is also popular to explore the posterior probability distribution for
the model space by Markov chain Monte Carlo simulation [69,72,109,110]. A recent variant is
Markov chain Monte Carlo simulation applied to the ancestral ordering on the variables [59].

Although Bayesian model averaging theoretically leads to optimal predictive accuracy, it did
not lead to a considerable improvement when combining several Bayesian networks in the
experiment reported in [81]. In [44], it is argued that Bayesian model averaging does not
overcome the problem of over-fitting, asthe posterior probability depends exponentially on the
cell counts implied by the data. The posterior probability can thus depend very sensitively on
the sampling noise present in finite data. For this reason, a single model might be assigned
alarge posterior probability by chance, and the Bayesian model-average is dominated by the
single model.

Model uncertainty can also be explored by the bootstrap [50], which was applied to learning
Bayesian networks in [57,58]. In this approach, a certain number [ of replicate samples is
generated by drawing IV cases with replacement from a given data set of size N. From each of
thel samples, amodel islearned. The differences among the! models reflect model uncertainty.
Although this scheme issimple in its nature, it istypically very time-consuming in practice, as
the number | of bootstrap samples has usually to be chosen quite largein order to obtain reliable
results. The ! models can also be combined in order to improve predictive accuracy. In the
scheme called bagging [16], the! models are combined with uniform weights. Similar schemes
are stacking [152] and boosting [53]. Although these schemes are more or less heuristics, they
led to less over-fitting than Bayesian model averaging in the experiments reported in [44].
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3.3 Algorithms for Structural Learning

In structural learning in Bayesian networks, all variables are typically treated equaly, i.e. there
is no distinct variable such as the class variable, as opposed to the attribute variables in super-
vised learning. Inthefollowing, we are hence concerned with unsupervised learning, astheaim
of structural learning in Bayesian networks is to approximate the joint probability distribution
for all the variables in the domain, asimplied by the data. All the scoring functions depicted in
Section 3.1 are applicable. A scoring function used in structural learning in Bayesian networks
istypicaly score-equivalent. Since it is impossible to distinguish among Markov-equivalent
DAGsi inthis case (cf. Section 3.1.3), one can only aim at inducing the equivalence class rather
than a particular DAG. Since learning algorithms applied to the search space of equivalence
classes are, however, computationally rather inefficient [28, 107], one is typically concerned
with the search space of DAGs.

Structural learning in Bayesian networks is computationally very involved. One reason isthe
extremely large search space of DAGs m € M. The number v of DAGSs containing »n variables
can be calculated recursively according to [129]

u(n) = 2:(—1)2."'1 <n> 9i(n=1i) u(n — 1), (3.3.1)

1
i=1

where «(0) = 1. Since an explicit expression for «(n) is unknown, one can get an idea of the
behavior of u(-) from the inequality

2(5) < u(n) < 3(3), (3.3.2)

The (loose) lower bound follows immediately from the fact that a DAG with » variables can
contain at most (g) edges, and each edge can either be present or absent when disregarding
orientations. There are thus at least two aternatives for each edge. The upper bound followsin
asimilar fashion, as an edge can be absent, oriented in the one direction or in the other. This
amounts to at most three alternatives for each edge. Since the acyclicity of DAGs imposes an
additional restriction on the directions of edges, this can only be aloose upper bound, though.
It is hence obvious that the number of DAGs rises super-exponentially with the number of
variables (and exponentially with the number of edges). Moreover, it could be shown that
finding the optimal DAG with respect to a scoring function isan NP-hard problem [14, 27, 84].

Due to the complexity of structural learning in Bayesian networks one has to resort to approxi-
mate learning algorithms which can find close-to-optimum solutions in a reasonable amount of
time. During the last decade, two main approaches to structural learning in Bayesian networks
have evolved. The one aims at maximizing a scoring function by means of a heuristic search
strategy, while the constraint-based approach recovers the structure of a Bayesian network on
the basis of the conditional independences and dependences induced from the data. Besides
these two main approaches, there are aso various other algorithms. Some of them are men-
tioned in the Sections 3.2 and 5.9. Recent reviews on structural learning in Bayesian networks
are givenin[20, 35, 131].



36 3. STRUCTURAL LEARNING

At first glance, it seems that the two main approaches might induce different DAGs from the
same data. However, it can be shown that, when the data has been sampled from a faithful
probability distribution and when the used scoring function obeys certain properties, both ap-
proaches determine the same DAG in the asymptotic limit, namely the perfect map [14]. Given
finite data, however, it is not guaranteed that both approaches yield the same result.

3.3.1 Optimizing the Scoring Function
K2 Algorithm

The K2 algorithm [33, 34] has evolved from the Kutatd algorithm [83]. It isthe first algorithm
employing a Bayesian scoring function in structural learning in Bayesian networks (cf. also
Section 3.1.4). The aim of the K2 algorithm is to determine the DAG with the largest posterior
probability, i.e. the optimum with respect to this scoring function.

Besides a data set and an upper bound on the number of parents of a variable in the induced
DAG, the K2 algorithm requires also a correct (total) ordering, i.e. an ancestral ordering, on
the variables as input. Since a DAG imposes only a partial ordering on the variablesv € V,
there typically exist many total orderings (cf. aso Section 2.2.1). When given asinput, a total
ordering entails several advantages. First, the task of optimizing the scoring function is gresatly
simplified. Thisis because the optimal DAG with respect to the decomposable (absolute) scor-
ing function f(-) = > ¢y fo(v|pa(v)) (cf. Equation 3.1.2) can be induced by optimizing
each term f,(v|pa(v)) independently of the others. The optimal DAG is then determined by
the optimal parents pa(v) of each variable v € V. Second, the total ordering ensures auto-
matically that no directed cycles can occur in the induced DAG. Third, a correct ordering on
the variables can also be expected to be beneficial regarding the quality of the induced DAGS,
as it is additional knowledge given to the learning algorithm. This was indeed found in the
experiments reported in [33, 34], where the induced DAG was very close to the original one,
although the K2 agorithm uses a very simple search strategy to optimize the scoring function.
Namely, starting out from the empty graph, that variable = isincluded into the current parent
set pa(v) of a variable v which is an ancestor of v according to the specified ordering and
which increase the absolute score by most. In terms of the relative scoring function, the edge
v « z with the largest score g(v, z, pa(v)) > ~ isincluded into the DAG (v is a threshold
value, cf. Section 5.4.5). Due to the greedy nature of this search strategy, the K2 algorithm
tends to include slightly more edges than optimal, as found in experiments [33, 34].

This search strategy is called forward inclusion. In contrast, the scheme named backward
elimination starts out with the complete graph, and successively removes edges. The latter
approach is, however, not applicable to Bayesian networks, as the complete graph entails such
alarge model complexity that the learning process becomes intractable.

The results of the K2 algorithm can depend sensitively on the ordering initially specified [81].
Since such an ordering is usualy unknown in real-world applications, the K2 algorithm can
usually be applied only in experiments with artificial data where a correct ordering is known.
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When a correct ordering is given to the K2 algorithm, it can find better DAGs than other more
sophisticated search strategies like greedy local search or local search combined with simulated
annealing, regarding structural differences between the induced DAG and the original Bayesian
network structure [81].

Local Search

Local search is a general-purpose search strategy [90]. Starting out from a DAG initially spec-
ified, this scheme proceeds through the search space of DAGs M in a sequence of neighboring
DAGs m € M. There are two apparent definitions of a neighborhood of a DAG. First, a DAG
m belongs to the neighborhood of a DAG m, if m and m,, are identical except for the presence
or absence of asingle edge. An increased neighborhood of a DAG m, contains all those DAGs
which differ from m,, concerning the presence, absence or orientation of asingle edge. Accord-
ing to either definition, there exists obviously a sequence of neighboring DAGs between any
two DAGs m1, my € M. Thisensures that local search can reach any DAG within the search
gpace. In practice, the latter definition of a neighborhood appeared to yield better results, in
particular when employed in agreedy scheme.

Given the current DAG m,, in the search process, there are many neighboring DAGs which can
become the next intermediate graph n7,. The differencein their scores, A := f(m)) — f(m,),
can be expressed in terms of the relative scoring function. If an edge a + b isincluded in
the transition from m, to m/ then A = g(a,b,pa(a) \ {b}). Conversely, the removal of an
edgea « bentails A = —g(a,b,pa(a) \ {b}), and the reversal of an orientation (froma « b
toa — b) resultsin A = g(b,a,pa(b) \ {a}) — g(a,b,pa(a) \ {b}). Of course, it has to
be ensured that no directed cycles occur, i.e. that the next graph isindeed a DAG. In greedy
hill climbing, that DAG m!, becomes the next intermediate graph which entails the largest
improvement A > ~ compared to the current DAG m, (v is a threshold value, cf. Section
5.4.5).

The main problem of local searchisthat it can get stuck at local optima of the (absolute) scoring
function. A DAG m, is alocal optimum when al its neighboring DAGs m are assigned a
smaller score,i.e. f(m)— f(m,) < 0. There are various approaches to overcome this problem,
e.g.[97,108]. Let usfocuson simulated annealing [112], asit was applied to structural learning
in Bayesian networks in [81]. As implied by its name, the idea stems from cooling down
a physical system, and the aim is to reach the global minimum of the potential governing
this system. In our case, the negative of the scoring function, — f(-), plays the role of such a
potential. An ensemble of classical particles which is subject to this potential has a Boltzmann
distribution p(-) o exp(f(-)/T'), where T denotes the temperature of the system. It isapparent,
that the number of particles at a small values of — f(-) is larger than at high values of — f(-).
Moreover, as expected from common sense, the number of particles at small values of the
potential — f(-) increases as the temperature T" drops.

The procedure of simulated annealing starts out with a quite large temperature 7, which is
then gradually decreased down to a final temperature 7 &~ 0. At an intermediate temperature
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T (T, > T > Tt), this method picks randomly a neighboring DAG ni, of the current graph
m,. Thisis caled a proposed change. The transition to n7, is made with the probability
p(A) = min{l,exp(A/T)}. Hence, a change improving the score is always carried out,
whereas a decrease in the score is accepted or rejected with afinite probability. This procedure
is repeated several times at a given temperature 7. In the experiments in Section 6.3.2, we
chose to stay at the same temperature until 600 transition to neighboring DAGs were proposed
or 200 transitions were accepted, whatever occurred first. After that, the temperature T was
decreased to T” accordingto 7" = w - T', w < 1, and the above steps were repeated at the new
temperature. 1t can be shown that, when a sufficiently small cooling ratew < 1,i.e. w &~ 1,is
chosen, simulated annealing eventually arrives with probability one at the global minimum of
the potential, — f(-), and hence at the global optimum of the scoring function f(-). Despite this
theoretical result simulated annealing is, however, not guaranteed to find the global optimum in
practical applications, since computation time is limited. This procedure is indeed quite time-
consuming. Nevertheless, it usualy finds DAGs with a higher score than greedy hill-climbing.
Note that the latter can be viewed as special case of simulated annealing where the temperature
is chosen to be zero.

3.3.2 Constraint-Based Approach

The constraint-based approach was originally used in a causal discovery setting, e.g. [140-
142]. In contrast to local search, the constraint-based approach makes use of a particular prop-
erty of graphical models, namely the conditional independences and dependences (CIDs) rep-
resented by the graph. For this approach to work, it is essential that the CIDs can be induced
without any error from the probability distribution implied by the data. Moreover, it isassumed
that this probability distribution is faithful (cf. Section 2.2.4). If these assumptions hold, the
constraint-based approach has been proven to recover the correct DAG, namely the perfect map
(up to equivalence, of course) [140, 148]. The constraint-based approach does not suffer from
getting stuck at local optima, unlike the search strategies aimed at optimizing a scoring func-
tion. For the same reason, equivalent DAGs are not a particular problem for constraint-based
agorithms.

This approach appeared to be very efficient when recovering sparse graphs, since only area-
sonably small number of tests had to be carried out in order to find the relevant indepen-
dences [142]. In the worst case, i.e. when the induced graph is very dense, the complexity of
this approach is, of course, exponential in the number of variables (cf. [142] and the Sections
5.5 and 5.4.2). Domains which require the induced DAG to be dense, however, might better
not be modeled by Bayesian networks, as neither learning nor inference are tractable, and the
interpretation of dense Bayesian network structures isdifficult, too. Thiswas discussed in Sec-
tion 1.1. Since statistical tests carried out on finite data sets can entail Type | and Typell errors,
it is clear that the assumptions underlying the constraint based approach cannot be expected
to hold in this case. For this reason, when the constraint-based approach combines the results
of the various independence tests in order to construct the DAG, the overall error, i.e. the one
concerning the entire graph, is not under control. The reason is that the various independence
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tests may not be independent of each other. This is a major problem in the area of multiple
testing. The remaining chapters are concerned with this issue, and propose extensions to the
constraint-based approach when applied to finite data sets.

SGS Algorithm
input: data D regarding the set of variables V.
output: the pattern of the induced equivalence class.

(1) compute the CIDs given the data D,

2) induce the presence of the edges on the basis of the CIDs:
P g
(i) begin with the complete skeleton (undirected graph),

(ii) for each pair of variables a and b, if there exists a set
S C V\ {a,b} such that a 1L b|S then remove the edge a ~ b
from the current skeleton.

(3) induce the orientations of the edges given the current graph
and the CIDs:

(i) find the colliders in the current graph:
for each triple of vertices a, b and ¢ such that the edges
a ~b and b ~ ¢ are present while the edge between a and ¢ is
absent (a % ¢), orient a ~b~c as a &> b+ ¢ iff a L b|S for
all subsets S CV\ {a,c} with b€ S,

(ii) orient the remaining edges in the current graph:
repeat until no more edges can be oriented:

o if a >b~c and a % ¢ then orient b~c as b—c,

e if a ~ b and there exists a directed patha — -+ — b
then orient a~1b as a = b.

Algorithm 3.1: The SGS agorithm [141] clearly illustrates the basic scheme underlying all
constraint-based approaches, asit isthe simplest constraint-based algorithm.

Let us now review popular constraint-based algorithms. When the above assumptions hold,
the constraint-based approach can be split up into successive steps. The first one is concerned
with determining the CIDs from the given data, while the second one constructs the DAG on
the basis of those CIDs. Thisis most apparent in the SGS algorithm [141], see Algorithm 3.1.
Having induced the CIDs from the data, e.g. by means of a relative scoring function and a
threshold value, the perfect map is constructed in two steps. The first step is concerned with
the presence of edges, and utilizes the fact that a conditional independence a L b|S in the
probability distribution entails the d-separation a L b | S in the perfect map (cf. Section 2.2.4).
Since this step disregards the orientations, an undirected graph, i.e. the so-called skeleton of a
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DAG, is used. Having recovered the skeleton, the orientations of the edges are determined in
the final step, which is again subdivided. First, the colliders are found, which determines the
equivalence class of the perfect map (cf. Section 2.2.3). Figure 2.2 illustrates that acollider can
be distinguished from non-colliders by means of CIDs, since conditioning on a collision node
entails a d-connection, whereas conditioning on a non-collision-node can entail a d-separation
(cf. also Section 2.2.1). After that, the remaining edges are oriented with the aim to avoid
additional colliders. In order to avoid directed cycles in this step, the last edge before a cycle
is completed is simply oriented in the contrary direction. The output of the SGS algorithm isa
pattern of the equivalence class (cf. Section 2.2.3 and Figure 2.1).

It is apparent that the SGS algorithm is very inefficient in domains with a large number of
variables n = |V|, asthe number of different subsets S C V' \ {a. b} grows exponentially with
n for each pair of variables « and b. The PC algorithm [142] is an algorithm which can reduce
this complexity tremendoudly. It is one of the most popular constraint-based approaches, and
it is available in the TETRAD software-package [147]. The increased efficiency of the PC
algorithm is achieved by carrying out the steps (1) and (2) of the SGS algorithm simultane-
oudly: if a conditional independence is induced then the corresponding edge is immediately
removed from the current skeleton. The current skeleton is then used for determining the next
conditional independences to be tested. Thisis done by restricting the subset S C V \ {a, b}
such that it is a subset of the neighbors of « or b in the current graph, i.e. S C ne(a) \ {b}
or S C ne(d) \ {a}. The possible choices in the subsets S are thus greatly reduced, and so is
the number of independence tests which have to be carried out. It can be shown that the PC
agorithm induces the same DAG asthe SGS algorithm provided that the assumptions essential
for the constraint-based approach hold [140]. However, if these assumptions are violated then
the results might differ. A disadvantage of the PC algorithm isin this case that its result can
depend on the sequence in which it proceeds through the variablesin V, as the current structure
of the graph has an impact on the subsets S to be considered next.

In the PC algorithm, the independence tests are carried out in ascending order of the set S.
This increases its reliability, since tests of lower orders are generally more reliable than tests
of higher orders. Moreover, the number of possible subsets S C V \ {a,b} (a,b € V) is
considerably smaller at small orders than at high orders of S, and hence leads to an additional
speed-up in the computations.

The various constraint-based approaches mainly differ regarding the heuristics applied to re-
duce the number of independence tests carried out. Furthermore, various kinds of statistical
independence-tests can be employed (see e.g. [47,151]). An early version of the PC algorithm
restricted the variables of the subset S to be not only among the neighbors of a or b but aso
to lie on undirected paths between the two variables [140]. Not much attention has been paid
to this scheme, as it was found to be intractable in practical applications, except for domains
with a very small number of variables. Furthermore, it was regarded to be less robust than the
PC agorithm in practice, because the Type | and Type |1 errors of independence tests increased
chances that an edge which was” erroneously” removed at an early stage of thelearning process
entailed other edges to be " erroneously” present [142].
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An agorithm somewhat similar to the PC algorithm was proposed independently in [61]. The
tree algorithm of Chow and Liu [32] is the basis of a very efficient constraint-based algo-
rithm [23, 24], and a so-called branch-and-bound technigue employing the minimum descrip-
tion length principle was developed in [146].

Also hybrid algorithms were proposed, combining the two main approaches to structural learn-
ing in Bayesian networks. For instance, the PC agorithm can be employed to induced an
ancestral ordering on the variables which is subsequently used by the K2 algorithm when in-
ducing a Bayesian network structure [138].
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Properties of Optimal Structures

In the previous chapters, Baysian networks and various approaches to structural learning were
introduced. We pointed out that the search space grows super-exponentially with the number of
variables (cf. Section 3.3), and that finding the optimal DAG with respect to a scoring function
is an NP-hard problem [14,27,84]. The tractability of structural learning algorithms has thus
to be of major concern in practice. The constraint-based approach was reported to be very
efficient in many experiments [23,24,142]. Itiswell-understood only when certain assumptions
are fulfilled. In many applications, however, these assumptions can only be expected to hold
in the asymptotic limit, i.e. when an infinite amount of data is available. Nevertheless, the
experimental results obtained from finite data sets are very promising [23,24,142].

Based on the various scoring functions outlined in Section 3.1, in this chapter the constraint-
based approach is viewed as a particular search strategy aimed at optimizing such a scor-
ing function. This point of view reveals important properties of the graphs induced by the
constraint-based approach. In particular, this chapter is concerned with the presence or absence
of edgesin optima DAGs and their skeletons, while the orientations of edges are considered in
Chapter 6. The theoretical considerations lead to an extension of the constraint-based approach
which can considerably improve the results obtained from finite data sets. This extension is
based on the so-called necessary path condition (cf. Section 4.3.1, in particular Proposition
4.12). It appliesto various kinds of " paths’, among which four variants are presented:

e the si-1-path, involving the sc-1-path (cf. the Definitions 4.11 and 4.9),
e the si-2-path, involving the sc-2-path (cf. the Definitions 4.14 and 4.13),
o the si-3-path (cf. Definition 4.15), and

e the si-4-path (cf. Definition 4.16).

These variants differ intheir strictness, e.g. the si-2-path requires the most edges and pathsto be
present, while the si-4-path accounts for the fewest paths among the alternatives presented. This
chapter lays the foundations of the structural learning algorithm (and its variants) described in
the next chapter.
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4.1 Motivation

In Section 3.3.2, it was discussed that constraint-based algorithms can essentially be divided
into two steps, namely where

(i) the conditional independences and dependences (CIDs) are induced from the probability
distribution implied by the data, and where

(if) the DAG (perfect map) is determined on the basis of the induced CIDs.

In the following, we are concerned with the two assumptions important to the constrai nt-based
approach to work. First, the CIDs have to be perfectly known, i.e. without any error. This
ensures that the true CIDs are induced in step (i). Second, the probability distribution has to be
faithful, i.e. all the (true) CIDs can be represented in a single DAG, the perfect map. Hence,
if both assumptions hold then the induced CIDs can be represented in the perfect map. This
simplifies the learning task grestly, since an independence of two variables « and b conditional
on some set S entails the absence of the edge between « and b in the perfect map. The absence
of the edge between a and b thus depends on the set S only, and it is independent of the
remaining network structure. This means that the absence of an edge is only affected by a
certain vicinity of that edge in the perfect map, i.e. the variablesin S (cf. Figure 4.1). Since
the remaining variables outside such avicinity can be disregarded, the learning task has hence
become local. The presence or absence of each edge can thus be determined on the basis
of its vicinity, independently of the other variables and edges in the graph. For this reason,
the assumption of faithfulness renders the constraint-based approach to be computationally
efficient, as confirmed in many experiments [23, 24, 142].

Figure 4.1: The edge absent between « and b, and its vicinity comprising only the variablesin
S. The dots symbolize the remaining network structure.

However, if the assumption of faithfulness does not hold, the presence of an edge (and its
orientation, of course) can depend on the exact structure of the entire DAG. This non-locality
causes structural learning to be very involved in general.

Regarding faithfulness, an interesting result was derived in [111]. Roughly speaking, it says
that almost all probability distributions described by Bayesian networks are faithful. Thisis
meant in a measure-theoretic sense, namely that, in the space of all probability distributions
which can be described by a Bayesian network, the subspace of unfaithful probability distribu-
tions has a vanishing Lebesgue measure. This result suggests that the assumption of faithful-
ness might not impose a severe restriction on the constrai nt-based approach. However, note that
this claim refers only to probability distributions which can actually be described by Bayesian
networks.
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Having mentioned thisresult concerning faithfulness, let us now consider the other assumption,
saying that the CIDs are perfectly known, i.e. that they can be induced without any error.
In typical applications, one can expect this assumption to hold only in the asymptotic limit
when the data has been sampled from a faithful probability distribution. Given finite data,
however, this assumption may not be reasonable. The reason is that, given a finite sample,
CIDs have to be induced by means of some statistical tests. In (classical) statistics, it iswell
known that statistical tests entail Type | and Type |l errors. An aternative point of view is as
follows. A conditiona independence a L b|S istypicaly derived by means of the relative
score g(a,b,S) < 0 (cf. Section 3.1). In classical statistics as well as in Baysian statistics,
such relative scoring functions contain aterm penalizing model complexity. Thisis essentia
in order to induce the results with some significance or to avoid over-fitting, whatever point
of view one may prefer. Hence, it can occur that a”weak” dependence between two variables
in the probability distribution is disregarded by such a decision mechanism solely due to the
penalty term in the scoring function dominating over the "weak” dependence. As aresult, a
conditional independence is induced. This shows that, even when the CIDs are derived from
afaithful probability distribution, the number of induced independences can be larger than the
number of true independences. As a consequence, there might not exist a perfect map of the
induced CIDs, even if there isaperfect map of the true CIDs. This may occur already when the
probability distribution implied by afinite data set is nearly unfaithful (for instance, measured
by the Kullback-Leibler divergence). It isintuitively clear that, in the space of all probability
distributions which can be described by Bayesian networks, the subspace of nearly unfaithful
probability distributions cannot be expected to have a vanishing Lebesgue measure. Hence,
chances can be quite high that there is no perfect map corresponding to the CIDs induced
from afinite sample. Consequently, there does not exist a perfect map of the induced CIDs in
general, and learning from finite samples becomes a non-local problem. The locality entailed
by the faithfulness assumption can hence only be considered as an approximation to the exact
learning task, asthe latter isindeed non-local.

A typical example we encountered quite often in our experiments (cf. Section 5.6) is depicted
in Figure 4.2. Due to the rather small sample size, the relative scores of increased orders —
involving an increased penalty for model complexity — tend to become negative, and hence
imply conditiona independences. The DAG my is induced by the constraint-based approach
assuming the existence of a perfect map. As it removes each edge for which a conditional
independence was found, only the edge between a and b isleft in the graph. It is apparent that
the DAG my is not the perfect map of the induced CIDs, as the graph implies the marginal in-
dependences a I ¢ and b I ¢, although these variables are induced to be marginally dependent,
i.e. a fcandb L c. Theinduced DAG my isaD-map of the induced CIDs in this example?

since every induced conditional independence entails the absence of the corresponding edge.

If there does not exist a perfect map, a reasonable aim in structural learning is to find those
DAGs which are optimal with respect to the used (absolute) scoring function f. Note that the
latter can also be expressed in terms of the relative scoring function g (cf. Equation 3.1.7). Itis

1This does not hold in general. For instance, when a DAG is induced from the CIDs represented by the Markov
network in Figure 2.5 the acyclicity of the DAG entails an additional conditional dependence.
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induced relative scores (g assumed to be score-equivalent):
g(@ab)>0 9(ac)>0 g(b,c)>0
g(@abfc})>0 g(ac{b})<0 g(b.c{a})<0
induced CIDs:
aftb adc bic
asb| {c} allcl {b} bllic|{a}
some DAGs:
(a~—bJ (aj~—1b (al«—b) (@b
\1 \1
My my m, ms
absolute scores of DAGS:
f(mg):=f, f(m,) =fota(ac) >f, f(my) =fo+g(b,c) >,  f(m3) =fy+g(ac)+g(b,c{a})
=fo+g(b,c)+g(ac{b})
<f(my), f(m,)
(locally) optimal DAGs

Figure 4.2: In this example, the induced conditional independences and dependences (CIDs)
cannot be represented by a perfect map.

apparent that the highest scores are assigned to the DAGs ny and my, in Figure 4.2, which are
hence local optima. Compared to the DAG my, each of the local optima apparently contains
an additional edge. Moreover, there are two local optima rather than a single perfect map,
indicating some model uncertainty regarding the structure of Bayesian networks. Furthermore,
the DAGs m; and m»o are minimal |-maps rather than D-maps, i.e. all the induced (conditional)
dependences are represented in the graph, whereas some of the found independences cannot be
read off these DAGs (cf. also Section 2.2.4).

The coincidence of optimal DAGs and minimal 1-maps is not completely unexpected in this
example. Roughly speaking, it can be shown that minimal I-maps m are given higher scores
f(m) than non-minimal-1-maps in the asymptotic limit if no perfect map exists [14]. This
indicates that, if no perfect map exists, the DAGs induced from finite samples by established
constraint-based approaches are usually not very close to optimal DAGs, as maxima D-maps
typicaly contain fewer edges than minimal I-maps. Only in the case where the maximal D-
map coincides with the minimal 1-map the constrai nt-based approach induces the optimal DAG,
which coincides with the perfect map.

This motivates to extend the constraint-based approach to finite data with the following aims:
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e drop the assumption of faithfulness,

e aim at inducing (locally) optimal DAGS, i.e. with respect to a scoring function,

e employ relative scoring functions (other than the one in the \?-test),

e induce additional edges compared to state-of-the-art constraint-based approaches,

e model uncertainty: allow for possibly several graphs to be induced, instead of a single
DAG assumed to be the perfect map.

The concepts of relative and absolute scoring functions were introduced in Section 3.1. We
noted that the \?-test — which is commonly applied by constraint-based approaches — can be
denoted in a similar fashion as relative scoring functions. However, there does not exist a
corresponding absolute scoring function. For this reason, we prefer relative scoring functions
derived from an absolute one, like for instance the Akaike Information Criterion, the Bayesian
Information Criterion or the posterior probability (cf. Section 3.1). While scoring functions
are related to step (i) of the constraint-based approach, step (ii) has to be concerned with the
other four issues stated above. The second step istypically further subdivided, namely into two
parts, where the first one is concerned with determining the presence of edges (in skeletons),
while the second one finds the orientations of the edges. In this thesis, we mainly focus on
the first part dealing with skeletons (cf. the Chapters 4 and 5). The remainder of this chapter
devel ops the notion of the necessary path condition and focuses on the properties of the graphs
induced by the constraint-based approach.

4.2 Properties of Optimal DAGs

In this section, we derive a property of optimal Bayesian network structures concerned with
the presence of edges and paths. Note that the assumption of faithfulness is not used in the
following. The main result of this section is Proposition 4.8. The starting point of its derivation
is the following fact about the presence of an edge in a DAG being a (local) optimum with
respect to a scoring function.

Proposition 4.1 Let g bearelative scoring function, and let m be a (locally) optimal Bayesian
network structure. A (directed) edge a < b, a,b € V, ispresent inm if and only if
(i) g(a,b,pa,,(a)\ {0}) > 0,%and

(i) m contains no directed patha — 21 — -+ = 2,1 = b, z; € V'\ {a,b}, froma to?,
and

(iii) g(a,b,pa,,(a)\ {b}) > g(b,a,pa,,(b) \ {a}) or adirected path fromb to a is present.

2For simplicity, we assume that Ya,b € V,¥S C V\ {a,b} : g(a,b,S) # 0, as the scoring function would
favor neither the presence nor the absence of the edge ¢ + b in the case ¢(«,b, ) = 0. For simplicity, we do not
consider this source of uncertainty regarding the presence of edges.
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Again, V denotes the set of variables in a domain, and pa,,(a) are the parents of a variable
a € Vinthe DAG m.

Proof. The neighboring DAGs of a local optimum differ from the latter concerning a single
directed edge being either added, removed or reversed. In (i), it is stated that the presence of
the edge a « b is favored more than its absence. Statement (i:) ensures that the graph does
not contain a directed cycle when the edge a + b is present, as required in a DAG. Statement
(4i7) is concerned with the optimality of the orientation of the edge, as it ensures that the edge
with the contrary orientation, i.e. the edge a — b, is favored less than the orientation a « .
Thisis given when alarger score is assigned to the latter, or when the edge cannot be oriented
like a — b, since adirected cycle has to be avoided. O

In the following, we are mainly interested in the presence of an edge as opposed to its absence,
while its orientation is of minor interest. Let us hence denote an edge between two variables
a,b € V by a ~ b when we are concerned with its presence independent of its orientation in
the DAG. An edge a ~ b iscaled present in the DAG if either theedgea — bora « b is
present. Conversely, when we say that the edge a ~ b is absent from the DAG, it means that
neither one of the edges a — b and a < b is present. Naturally, this notation is symmetrical
with respect to @ and b, and it isidentical with the one concerning skeletons.

As aspecia case of Proposition 4.1, let us first consider edges whose inclusion into any DAG
m leads to an improvement in the (absolute) scoring function f. It is clear that the presence
of such edges is a necessary requirement for a DAG to be alocal optimum. Let us hence call
them certainly-present edges. Of course, there might also be edges whose elimination from
any DAG m leads to an increase in the score f(m). As such edges have to be absent from a
local optimum, and we call them certainly-absent edges. Proposition 4.1 yields immediately:

Proposition 4.2 (Certainly-Present or Certainly-Absent Edges) An edge a ~ b iscertainly
present in an optimal DAG m or inits skeleton m if VS C V \ {a.b} : ¢(a,b,8) >0 A
g(b,a,S) > 0. Conversely, an edge a ~ b is certainly absent in an optimal DAG m if VS C
V\{a,b}: g(a,b,8) <0 A g(b,a,S) <03

Proof. We only note that the acyclicity of a DAG does not prevent a certainly-present edge
a ~ b from being indeed present in any DAG. Thisis because the presence of a < b ora — b
could only be be forbidden when both the directed pathsa — --- — bandb — --- — a were
simultaneously present. Thisis, however, forbidden by the acyclicity of DAGs. d

Certainly-present edges are typically the only ones found by those constraint-based approaches
which take into account all relative scores, e.g. the SGS algorithm [142]. In practice, however,
it isusualy infeasible to compute all the scores, and the graphs are determined on the basis of
alimited number of scores, e.g. like in the PC algorithm [142]. Since the number of computed
scoresis (heuristically) reduced, additional edges can be present in the induced graphs.

3When the scoring function is score-equivalent, asit is often the case, then g(a, b, S) = g(b,a, S) (cf. Section
3.1.3), leading to agreat simplification.
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Besides certainly-present or certainly-absent edges, there are generally also other sorts of edges
in an optimal DAG. In fact, these additional edges can play acrucial rolein optimal DAGs. For
suchanedgea ~ b (a,b € V) holds that

e g(a,b,S) < 0o0rg(b,a,S)<0gvensomesetsS C V\ {a,b}, and
e g(a,b,8") > 0o0rg(b,a,S") > 0 given someother sets S # S, S' C V \ {a,b}.
Because some scores are positive while others are negative, it isnot clear at first glance if such

an edgeis present or absent in an optimal DAG. Let us hence focus on this kind of edges in the
remainder of this section. Concerning their presence, Proposition 4.1 yields immediately:

Proposition 4.3 Let g be a relative scoring function, and let m be a (locally) optimal DAG.
Theedgea ~ b,i.e.a < bora — b, ispresent inm if and only if

(i) g(a,b,pa,(a)\ {b}) > 0, and
(i) thereisno directed path froma tob inm, and

(iii) g(a,b,pa,,(a)\ {b}) > g(b,a,pa,,(b) \ {a}) or adirected path fromb to a is present,

or?

(iv) g(b,a,pa,,(d)\ {a}) > 0,and

(v) thereisno directed path fromb to a inm, and

(Vi) g(a,b,pa,,(a)\ {b}) < g(b,a,pa,,(b) \ {a}) or adirected path froma to b is present.
This proposition only restates Proposition 4.1 for both the orientations a« < b and b + a.
Since constraint-based algorithms focus on the absence of edges rather than on their presence,

let us derive a proposition concerning the absence of edges. This can be achieved by negating
Proposition 4.3, leading to the following

Proposition 4.4 Let g bearelative scoring function, and let m be a (locally) optimal Bayesian
network structure. Theedgea ~ b, a,b € V, isabsent in m if and only if

(i) g(a.b,pay,(a) \ {b}) < 0and g(b, a. pa,, (b) \ {a}) < 0,°or

(i) g(a,b,pa,,(a)\ {b}) < 0 and m contains a directed patho — 2, — --- = 2,1 — a,
z; € V\ {a,b}, frombtoa, or

(iii) g(b,a,pa,,(b) \ {a}) < 0 and m contains a directed patha — 21 — --- = 2,1 = b,
z; € V\ {a,b}, froma tob.

“This notation means ((i) A (i) A (i33)) V ((iv) A (v) A (vi)).

*While the identities pa,,, (a) \ {b} = pa,, (¢) and pa,, (b) \ {a} = pa,, (b) hold in aDAG m without the edge
a ~ b, theinequdlities pa,, (a) \ {b} # pa,,(a) and pa,,(b) \ {a} # pa,, (b) are important in Proposition 4.3.
The longer expressions are thus used for clarity.
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' Y ‘g O

Figure 4.3: If the edge a ~ b is absent then one of the three structures (i), (ii) or (iii) hasto
be present in an optimal DAG according to Proposition 4.4.

Proof. Let the indices without a prime refer to the ones in Proposition 4.3, and the ones with a
prime to this proposition. Moreover, |et us denote the negation of a statement (i) as ( ), and so
on. The negation of Proposition 4.3 can then be simplified according to the laws of De Morgan,

A G A GV o) A T A 1ol

= (Eviv(zu_))/\ﬁu VF vi))

= £i)/\(w))JV ((i) A L))JV((Z)/\ UZ))V&(ZZ)/\ 'sz))JV ((i1) A (v))
(i)’ (i) J (i) (B)

The various ssimplification steps are in detail:

e Expression (A) can be omitted, as it is stricter than (i), and hence (A) V (i) = (i)’.
The reason is that, in (A), g(a,b,pa,,(a) \ {b}) < 0 A g(a,b,pa,,(a)\ {b}) >

9(b,a; pa, (b) \ {a}) implies g(a,b, pa,(a) \ {b}) <O A g(b,a,pa,(b) \ {a}) <0.
The latter is equivalent to statement (i ).

e For the same reason, also expression (A) can be dropped, asit is stricter than (4, too.

e Statement (B) can be eliminated, since it cannot be fulfilled, as a directed cycle a —
-+ = b— -+ — a cannot occur in a DAG.

e The statements (C') and (C') are always false, since a path cannot be present and absent
at the same time. Hence, also (C') and (C') can be omitted.

¢ Also statement (D) can be dropped, because it forbids the existence of a directed path,
and hence aso of an edge, in either direction between a and b.
O

The conditions (7), (7¢) and (7¢7) in Proposition 4.4 areillustrated in Figure 4.3. The statements
(2¢) and (7i7) are identical, except for the two variables a and b being swapped. In contrast,
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statement (i) does not require a (directed) path being present, but it requires a negative score
regarding both the variables a and b.

Asashort remark, let usreconsider Proposition 4.3, because it can berewritten in aless compli-
cated fashion due to the simplifications which led to Proposition 4.4. Thefollowing proposition
is equivalent to Proposition 4.3:

Proposition 4.5 Let g be a relative scoring function, and let m be a (locally) optimal DAG.
Theedgea ~ b,i.e. theedgea « b or theedge a — b, a,b € V, ispresent in m if and only if

(I) g(avbvpam(a) \ {b}) >0, and

(ii) m does not contain a directed patha — 21 — -+ = 2,1 = b, 2; € V \ {a,b}, from
atob,

or
(ili) g(b.a.pa,,(b) \ {a}) > 0, and

(iv) m does not contain a directed pathb — 2 — -+ — 2,1 = a, z; € V\ {a, b}, fromb
toa.

Proof. The negation of this proposition is identical to Proposition 4.4, because

where the indices (7), (ii), (iii), (iv) refer to this proposition, while the ones with a prime
correspond to Proposition 4.4. Again, the negation of (:) is denoted asv'), and so on. Note
that statement (iv)' can never be fulfilled in a DAG since there cannot be a directed cycle
a — -+ = b — --- = ainvolving any two variables a,b € V. Since the negations of
both the Propositions 4.3 and 4.5 are identical, namely to Proposition 4.4, a so the propositions
themselves have to be equivalent. O

Although the Propositions 4.3 and 4.5 are equivalent, the latter might be understood more
easily. Thereason isthat, in Proposition 4.5, the neighborhood of a DAG comprises only those
graphs which differ in the presence or absence of an edge, whereas DAGs differing in the
orientation of an edge are not among these neighbors. Thisis in contrast to Proposition 4.3,
where neighboring DAGs can differ in the presence, absence or orientation of an edge. It is
interesting that the definition of the vicinity of aDAG has no impact on the presence or absence
of an edge a ~ b when its orientation is disregarded.



52 4. PROPERTIES OF OPTIMAL STRUCTURES

Recursive Complete Path in a DAG

In condition (i) of Proposition 4.4, itisclear that the variable z._; along the directed path from
b to a has to be among the parents of . This has two consequences. First, the set pag,, (a) \ {b}

cannot be empty. Second, since the edges between a and each of its parents have to be present
by the definition of a DAG, one can replace the required pathb — » — -+ = 2,1 — a

by the shorter oneb — #; — -+ — x,_1, where z,_; € pa,,(a) \ {b}. The same holds
analogoudly for the path in (:i7) of Proposition 4.4. This suggests the following recursive
definition of a” path”:

Definition 4.6 (Recursive Complete Path in a DAG) Let g bearelative scoring function. e
define a recursive complete path, or c-path, froma to b (a,b € V) in a DAG m to have the
following properties:

(i) theedge a — b ispresent, or

(ii) the edge @ — b isabsent, g(b, a,pa,,(b) \ {a}) < 0 withpa,,(b) \ {a} # 0, and there
isanx € pa,,(b) \ {a} such that a c-path is present froma to .

Let the length of a c-path be measured in terms of the number of edges along it.

It is obvious from this definition that a c-path is qualitatively different from a”usual” path in
aDAG, as the c-path is not only concerned with the presence of edges, but also with relative
scores. Hence, a ”"usual” path is not necessarily related to a c-path in a DAG. In an optimal
DAG, however, the following coincidence is given:

Proposition 4.7 Inan optimal DAG m, adirected patha — o = -+ = 2,1 = b(a,b,z; €
V) ispresent if and only if thereisa c-path froma to b.

Proof. The fact g(b,a,pa,,(b) \ {a}) < 0 implies that, for al y € pa,,(b) \ {a}, the edge
y — b has to be present by the definition of a DAG. Hence, if there is a c-path from a to b
in an optimal DAG then there is a directed path from a to b. Conversely, if there is a directed
path from a to b in an optimal DAG, then there exists a shortest directed path @ = % —
ry = s > x> a, =b Fordl a;, x; (j =2,...,r;0 < j—2) theedge x; — x; has
thus to be absent. Since the DAG is optimal and does not contain cycles, it has to hold that
g(zj, xi,pa,, (x;) \ {z;}) < 0. Moreover, pa,,(x;) \ {#;} # 0 sincex;_ € pa,,(x;) \ {=i}.
Now, the existence of the c-path from « to b follows immediately by complete induction onits
length. This completes the proof. O

The advantage of having defined a c-path is that Proposition 4.4 can be restated in a simpler
fashion:
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Proposition 4.8 Let g be a relative scoring function, and let m be a (locally) optimal DAG.
Theedgea ~ b (a,b € V) isabsent in m if and only if

(i) g(a,b,pa,,(a) \ {b}) < 0 and g(b, a,pa,,(b) \ {a}) <0, or
(ii) thereisac-path of length{ > 2 fromb to a, or

(iii) thereisac-path of length! > 2 froma to b.

Proposition 4.8 can be used for making the decision whether agiven DAG isa (local) optimum
or not. The so-called necessary path condition, concerning skeletons, is derived from this
proposition in the following section.

4.3 Necessary Conditions concerning Skeletons

As structural learning in Bayesian networks is very involved (cf. also Section 3.3), there is
demand for approximations such that DAGs close to optimum can be induced efficiently from
given data. We thus divide the problem of inducing optimal DAGs into two parts, as typicaly
done in the constraint-based approach. In the first step, we largely ignore the directions of
edges, and we hence utilize skeletons. Skeletons are undirected graphs obtained by dropping
the directions of the edges in a DAG (cf. Section 2.2.1). For brevity, we call the skeleton of
a (locally) optimal DAG a (locally) optimal skeleton. The induction of optimal skeletons is
naturally concerned with learning about the presence or absence of edges. The directions of
edges are mainly ignored, which leads to a considerable simplification of the learning task.
The second step is then concerned with inducing the directions of edges on the basis of the
skeletons induced in the first step. Details on the latter part are provided in Chapter 6.

Of coursg, it is an approximation to divide the learning task into these two steps. In general,
the presence of edges can depend on the orientations, and vice versa. Hence, the presence of an
edge (and aso its orientation, of course) is subject to the exact structure of the entire DAG in
general. One source of this non-locality is the orientation of edges, as the required acyclicity
can entail some constraints on the presence as well as on the orientations, concerning even
such edges which are "far away” from each other in the DAG. As a consequence, when the
orientations are ignored in the first step of the approximation, one focuses essentially on the
vicinity of an edge within the graph. This vicinity contains not only variables, like the vicinity
due to the faithfulness assumption, but also edges and paths, as will become clear shortly.
The exact non-local learning task is hence again approximated by a local one. Like before,
this local approach becomes asymptotically correct if the data was sampled from a faithful
probability distribution [142]. Due to the extended vicinity, however, thislocal approximation
can be expected to work quite well given finite data sets, if the latter are not too small.

Dueto thislocal approximation, the learning task splits up into several independent ones, where
each of which is concerned with an edge and its vicinity. The size of an edge’s vicinity, i.e.
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the number of edges involved, may vary. The edges in the vicinity are, of course, not known
at the beginning of the learning process and have to be induced as well. Aswe will seein the
remainder of this chapter, the vicinity of an absent edge comprises edges as well as some sort
of paths required to be present in an optimal graph. This is a consequence of Proposition 4.8,
aswill become clear later.

A benefit of dividing up the actually non-local learning task into independent local onesisthat a
considerable speed-up of the computations can be expected. In fact, the required computations
are not much more time-consuming than the ones entailed by the PC agorithm, which has
proven to be very efficient in many applications [142]. Thisistypical for virtually all constraint-
based approaches, as outlined in Section 3.3.2.

Proposition 4.8, a necessary and sufficient condition for the absence of an edge in an optimal
DAG, is not immediately applicable when the skeletons are induced in the first step of the
approximation. Asamatter of fact, when dealing with skeletons, one hasto resort to necessary
conditions. This means that, if an edge is absent in a skeleton, the latter can only be a (local)
optimum when certain edges and paths are present. However, the contrary need not hold, i.e.
the skeleton need not be a (local) optimum even if for each edge the required edges and paths
are present. Nevertheless, such necessary conditions can help to efficiently find those skeletons
which are candidates for being an optimum. The properties of these skeletons are further
discussed in Section 4.3.4. Let us now be concerned with the vicinity of an edge in detail.

4.3.1 Necessary Path Condition

In this section, we derive a necessary condition applying to optimal skeletons. It is based on
Definition 4.6 and Proposition 4.8 concerning DAGs. Let us first define a recursive complete
path in a skeleton, or sc-path, which is present whenever there is a c-path in the corresponding
DAG. An sc-path (in askeleton) is hence a necessary condition for the existence of ac-path (in
alocally optimal DAG). A proper definition of an sc-path in a skeleton, unfortunately, is more
involved than the definition of a c-path. In particular, two facts have to be considered.

First, the neighbors of a node « € V cannot be divided into its parents and its children in a
skeleton, as the edges are not oriented. Thus, one has to resort to the fact that the parents
pa,,(a) of anodea € Vin aDAG m are asubset S C nes(a) of the neighbors of « in
the skeleton /. The variables in such a subset S can hence serve as candidates for being the
parents of a in the corresponding DAG. Furthermore, let us explicitely state that an edge hasto
be present between a node and each parent-candidate s € S in the following propositions and
definitions.

Second, a DAG provides an ancestral ordering on the variablesin V, ensuring the c-paths to be
well-defined in Definition 4.6: when an edge a — b is absent then ac-path is required between
a and an x € pa,,(b) \ {a}, i.e. the variables along this c-path are ancestors of . In each
recursion step according to Definition 4.6, the number of ancestors which can be along the
current c-path decreases, and eventually the recursion terminates. In contrast, a skeleton does
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not provide such an ancestral ordering. As a consequence, one has to explicitely ensure that an
sc-path in a skeleton is well-defined. Like the number of ancestorsin a DAG decreases at each
recursion step, the number of edges allowed to be along the current sc-path at each recursion
step has to be reduced explicitely. The simplest solution to this problem is as follows: when
an edge a ~ b isabsent and when there isasubset S C ne(b) such that g(b,a,S) < 0 then
the sc-path required between ¢ and an s € S is not alowed to include an sc-path between a
and b. Thisis a simple consequence of the ancestral ordering in DAGs. Due to this restriction,
the number of allowed sc-paths decreases at each recursion step, ensuring that the recursion
will terminate. After these considerations, we can now give a proper definition of a recursive
complete path in a skeleton, or sc-path. Since we will present different variants of sc-paths in
the following, we enumerate them as sc-1-path, sc-2-path, and so on.

Definition 4.9 (Recursive Complete Path in a Skeleton: SC-1-Path) Let ¢ be a relative
scoring function. Let [a,b] be a pair of variables (a,b € V)8 and let X be a set of pairs of
variables such that [a, b] ¢ X. We define a recursive complete path, or sc-1-path, between two
variablesa,b € V in a skeleton 1 to be a tuple SC' ([a, b], X) with the following properties:

(i) theedgea ~ b ispresent, or
(ii) theedgea ~ bisabsentand3S C V \ {a,b}, S # 0, such that

@ g(a,b,8) < 0,and
(b) Vs € Stheedge s ~ a ispresent, and
(c) there is an s € S such that [b,s'] ¢ X and there exists an sc-1-path
SCi([b, '], X U {[a,b]}) between b and ¢/,
or’
(d) g(b,a,S) < 0,and
(e) Vs € Stheedge s ~ bispresent, and

(f) there is an & € S such that [¢,s'] ¢ X and there exists an sc-1-path
SC1([a, s'],X U {[a,b]}) between a and 5.

For brevity, the set X may not explicitely be stated later. Then it is understood that X = (). Let
the length of an sc-1-path be measured in terms of the number of its edges.

In this definition, the set X can be interpreted to contain those sc-paths which are not allowed
to be part of the sc-1-path SC([a,b], X) between a and b. As discussed above, such aset X
is necessary due to the absence of orientations in a skeleton, rendering the definition of an sc-
path more complex than the one of ac-path in aDAG. Let usillustrate that the given sc-1-path
is well-defined by considering parts of the example depicted in Figure 4.4: in the DAG my,

®A pair of variables a, b € V is symmetrical regarding a and b, i.e. [a,b] = [b, a], like a set with two elements.
"This notation means explicitely: () V {[(#i,a) A (#1,5) A (i3, ¢)] V [(éd,d) A (i3, €) A (34, f)]}.
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there is obviously no c-path present between a and ¢ (cf. Definition 4.6), because al the edges
between ¢ and the other variables are absent. Let us now focus on the corresponding skeleton
mg. After one recursion step according to Definition 4.9, an sc-1-path is present between a
and ¢, i.e. SCi([a,c],0) if an sc-1-path SC'([c,b], {[a,c]}) exists between b and c. Thisis
a consequence of the absence of the edge a ~ ¢, of the presence of the edge @ ~ b and of
the score g(a,c, {b}) < 0. Concerning the sc-1-path SCi([c,b], {[a.c]}), another recursion
step may be taken according to Definition 4.9, since the edge b ~ ¢ is absent: due to the
score g(b, ¢, {a}) < 0 and the presence of the edge a ~ b, an sc-path between b and ¢ can
only be present if there is an sc-1-path between « and ¢. Since X = [a, c] in the sc-1-path
SCi([e,b], {[a, c]}), however, itisforbidden that this sc-1-path between b and ¢ contains an sc-
1-path between « and ¢. Hence, the recursion terminates with the result that no sc-1-path exists
between « and . Note that, without employing the set X in the above definition, the recursion
would not have terminated in this example. The set X is hence necessary for a well-defined
si-path, as it accounts for the ancestral ordering on the variables to some, limited, degree.

One might also consider other definitions of an sc-path, e.g. a stricter one absorbing more
properties implied by the ancestral ordering in a DAG. However, this might increase the com-
putational effort. As previously mentioned, the given definition is quite simple, but neverthe-
less ensures that the sc-path is well-defined. Once an sc-path is defined, a necessary condition
regarding skeletons can immediately be obtained from Proposition 4.8:

Proposition 4.10 (Necessary Path Condition) Let ¢ be arelative scoring function, and let m
be a (locally) optimal skeleton. For all pairs of variables a,b € V, it has to hold that if the
edge a ~ b isabsent then

(i) 381,82 C V\ {a,b} such that

@ g(a,b,81) < 0and g(b,a,Sy) < 0,and
(b) Vx € S theedge a ~ « ispresent, and
(c) Vy € Sy theedge b ~ y ispresent,

or

(i) there exists an sc-path of length > 2 between a and b.

The conditions (z¢) and (i) of Proposition 4.8 reduce to a single condition in the necessary
path condition due to the absence of orientations in a skeleton. The presence of the edges
between a variable and its parent-candidates S, and S, is explicitely stated in condition (i) of

Proposition 4.10. A skeleton can only be optimal if it fulfills this condition. Conversely, not
every skeleton which obeys this condition is indeed optimal. Proposition 4.10 is thus only a
necessary condition. Note that a sufficient condition can only be obtained when the orientations
are not disregarded, unlike it isdone herein order to obtain an efficient algorithm. It is apparent
that the necessary path condition requires certain edges and paths to be present in the vicinity
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of an absent edge. The size of such avicinity can be different for each absent edge. Its "size’
depends on the number of edges aswell as on the lengths of the paths required by the necessary
path condition. The former is determined by the order of the induced relative scores, i.e. the
number of variables in the set S involved in the score g(a, b, S), while the latter depends on
the structure of the induced skeleton. The necessary path condition serves as the basis for our
structural learning algorithm described in the next chapter, asit can be used for finding graphs
which are candidates for being an optimum.

Recursive Incomplete Path in a Skeleton

The notation of the necessary path condition (cf. Proposition 4.10) can be simplified after defin-
ing the recursive incomplete path. Moreover, this also renders an extension of the necessary
path condition possible, as described in Section 4.3.2.

Definition 4.11 (Recursive Incomplete Path in a Skeleton: Sl-1-Path) Let ¢ be a relative
scoring function. We define a recursive incomplete path , or si-1-path, between two variables
a,b € Vin askeleton m to have the following properties:

(i) an sc-1-path is present between a and b , or
(i) theedgea ~ bisabsentand 3S;,S2 C V \ {a,b} such that

@ g(a,b,81) <0and g(b,a,Sy) < 0,and
(b) Vz € S; theedge a ~ = ispresent, and
(c) Yy € Sy theedge b ~ y is present.

The si-1-path contains both the conditions (:) and (:i) of Proposition 4.10. The only difference
of Definition 4.11 to Proposition 4.10 is that the sc-1-path can be of any length, i.e. also of
length 1. An si-1-path of unit length means that the corresponding edge is present, while other
edges or paths are not required to be present in its vicinity. Because the condition () in the
definition of the si-1-path, like the condition (i) in Proposition 4.10, does not require a path to
be present, we call the si-1-path arecursive incomplete path. With this definition, the necessary
path condition 4.10 can be rewritten,

Proposition 4.12 (Necessary Sl-Path Condition) If askeletonisa (local) optimum then there
has to be an si-path between every pair of variables a,b € V. Conversaly, if thereisa pair of
variables a,b € V such that no si-path is between them then the skeleton cannot be a (local)
optimum.

This necessary path condition holds for the si-path in general, i.e. for al the variants of si-paths.
So far, only the si-1-path has been presented. In the remainder of this chapter, we discuss
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some additional variants of si-paths which

it is used in the necessary si-path condition

enumerated as si-1-path, si-2-path and so on,

Discussion and Examples

Let us consider a simplistic example (cf.

can alternatively be employed by this necessary
path condition. Hence, there are various variants of the necessary path condition, each of
which employing adifferent si-path. In order to specify the particular variant of hecessary path
condition, we often refer to the variant of the si-path only, and it is implicitly understood that
(cf. Proposition 4.12). The different si-paths are

like the sc-paths.

Figure 4.4) to get a better idea of what kind of
skeletons comply with the necessary path condition. Because of the positive relative scores

induced relative scores (g is score-equivalent):

g(a,b)>0 g(a,c)>0
g(a,b{c})>0 g(ac{b})<0
some DAGs:
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absolute scores of DAGS:
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f(m,) =fo+a(bc) <fy  f(mg) =f(my) +g(b,ci{a})
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m, Mg

H/_/
the only minimal skeleton

only in these three skeletons, an si-1-path
is present regarding each pair of variables

H/_/

this skeleton contains the edge b~c, although it
has to be certainly absent in optimal skeletons

Figure 4.4: The necessary path condition can prevent from removing too many edges in the

induced skeleton. Here, the minimal and the optimal skeletons are identical.
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induced relative scores (g is score-equivalent):

g(a,b)>0 g(ac)>0 g(b,c)>0
g(a,b,{c})>0 g(a,c{b})<0 g(b,c{a})<0
some DAGs:
([a«~—b (al~—1(b (@b (@b
e
Mg my m, ms

(locally) optimal DAGs

absolute scores of DAGS:

f(mg):=fy f(my) =fo+g(ac) >fy f(my) =fo+g(bc) >f,  f(my) =fy+g(ac)+g(b.efal)
i <f(my), f(my)
the corresponding skeletons:

(@—Db) (a—bJ (@a— D)
r‘ﬁO r’ﬁl ﬁ:]Z I:ﬁ3

only in these three skeletons, an si-1-path
is present for each pair of variables

these two minimal skeletons can be summarized
in one graph (the dashed lines indicate here that
either oneis present):

@ b

. .

. .
.
s

\/

Figure 4.5: Model uncertainty: the necessary path condition can help in finding different local
optima.

gla,b) > 0 and g(a,b,{c}) > 0, theedge a ~ b is certainly present in an optimal skeleton,
according to Proposition 4.2. The edge b ~ c is certainly absent, since g(b,¢) < 0 and
g(b,c,{a}) < 0. In contrast, the presence of the edge a ~ ¢ is not apparent at first glance,
as there are both negative and positive scores. This means that this edge is neither certainly
present nor certainly absent. Let us first consider the skeleton 1y, where the latter two edges
are absent. It is apparent that this skeleton does not fulfill the necessary si-path condition (cf.
Proposition 4.12). Thisis because an si-1-path between « and c isonly present if theedgea ~ ¢
itself is present or when the edge b ~ ¢ is present (cf. the Definitions 4.9 and 4.11). The latter
is due to the score g(a, ¢, {b}) < 0. In contrast, the skeleton 1 complies with the necessary
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path condition, as the presence of the edge a ~ ¢ implies the presence of an si-path between a
and c. Also the skeleton my obeys the necessary si-path condition: here, the edge a ~ ¢ can

be absent because there exists an sc-path between « and ¢ viab. Obvioudly, also all skeletons
which contain one of the skeletons 1y or o comply with the necessary si-path condition. In

this simplistic example, this is solely the complete graph . Although the complete graph

aways fulfills the necessary si-path condition, it might not be the most interesting one. Thus,
it isintuitively clear that the most informative skeletons are those from which no edge can be
removed without violating the necessary path condition. If these graphs also do not contain a
certainly-absent edge (cf. Proposition 4.2) then let us designate them as minimal skeletons. In
our example, a close look at the skeletons 1y and o reveals that — although both fulfill the
necessary path condition —thelatter contains the certainly-absent edgeb ~ ¢. Hence, thisgraph
isnot minimal, and it cannot be a (local) optimum. In contrast, the skeleton »7 isminimal, and

it happens to coincide with the optimum. Minimal skeletons are often identical with optimal

skeletons in the examples used in this chapter. However, this does not hold in general, as will

become clear in Section 4.3.4.

A dlightly different example is shown in Figure 4.5. In fact, only the score g(b,¢) > 0 is
different compared to the previous example. However, the consequences are considerable, as
the edge ¢ ~ b is not certainly absent in this example. Thus, skeleton % is minimal, like
skeleton ;. This is because they both fulfill the necessary si-path condition, and they do
not contain a certainly-absent edge (cf. Proposition 4.2). In this example, there are hence
two different minimal skeletons. It occurs that each of the minimal skeletons corresponds to
a different local optimum, as becomes clear from considering the scores of the DAGs. This
means that model uncertainty can be discovered by means of the necessary si-path condition.
In general, thisis only possible up to a degree, of course. The exact problem would be NP-
complete, anyway. For concise representation, we display this kind of model uncertainty in a
single undirected graph where dashed lines indicate that these edges might be present in some
of the minimal skeletons (cf. Figure 4.5). Although the meaning of such a graph is intuitively
clear, its exact definition has to be postponed to Section 5.3.

Another interesting consequence of the necessary path condition isthat an edge a ~ b can only
be absent due to a score g(a,b,S) < 0 with S # () when other edges and paths are present in
the skeleton. Hence, the necessary path condition entails some balance between the presence
and absence of the various edges. For instance, in the two minimal skeletons depicted in Figure
4.5, either one of the edgesa ~ ¢ and b ~ ¢ has to be present. Both edges cannot be absent
simultaneously without violating the necessary si-path condition. The necessary path condition
hence yields interdependencies among the various edges. Of course, thisaso implies that such
acondition typicaly yields skeletons which contain more edges than the ones induced without
ahecessary condition.

4.3.2 Extended Necessary Path Condition

As mentioned at the beginning of Section 4.3, the necessary path condition can be viewed as a
local approximation to thelearning task, sinceit isconcerned with the edges and path present in
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Figure 4.6: In the local approximation, the vicinity of an absent edge a« ~ b can be expanded
to contain additional si-paths (short-dashed lines) in each of the three cases (1), (I1) and (111).
The edges between a node and its parent-candidates are sketched as solid lines, and arequired
sc-path is depicted as along-dashed line.

the vicinity of an absent edge. Hence, it can naturally beimproved by considering an expanded
vicinity of each absent edge. The necessary si-1-path condition yields immediately such an
extension: because an si-path has to be present between every pair of variables, an si-path has
to be present, in particular, between the following variables if the edge a ~ b is absent:

o If thereis no sc-path between « and b (cf. also Figure 4.6, (1)) then an si-path has to be
present
— between « and the parent-candidates of 4, and
— between b and the parent-candidates of «, and
— among the parent-candidates of a and b.

o |f thereisan sc-path between a and b (cf. aso Figures 4.6, (11) and (I11)) then an si-path
has to be present

— between b and each parent-candidate of «, and

— among the parent-candidates of a,
or

— between « and each parent-candidate of 5, and

— among the parent-candidates of 5.

These additional si-paths extend the vicinity of an absent edge compared to the vicinity ac-
counted for by the si-1-path. This suggests the following definitions of an si-2-path and of an
sc-2-path:
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Definition 4.13 (Extended Recursive Complete Path in a Skeleton: SC-2-Path) Let g be a
relative scoring function. Let [, b] bea pair of variables (a, b € V), and let X be a set of pairs
of variables such that [a, b] ¢ X. We define an extended recursive complete path, or sc-2-path,
between two variables a,b € V in a skeleton m to be atuple SGy([a, b], X) with the following

properties:

(i) theedge a ~ b is present, or
(ii) theedgea ~ bisabsent,and3S C V \ {a,b}, S # 0, such that

@ g(a,b,8) <0,and
(b) Vx € Stheedge a ~ = ispresent, and

() 3z € S: [b,2] ¢ X and there is an sc-2-path SCy([b, x], X U {[a, b]}) between b
and z, and

(d) Vz € S: [b,2] € X and there is an si-2-path Sh([b, 2], X U {[a,b]}) between b
and z, and
(&) Yw,z € S,w # =z [w, z] € X and thereisan si-2-path SL([w, z], X U {[a,b]})
between w and z,
or

(f) g(b,a,S) <0, and
(9) Vo € Stheedgeb ~ x ispresent, and

(h) 32 € Ssuchthat [a, x] ¢ X and an sc-2-path SCy([a, 2], X U {[a, b]}) is between
a and z, and

(i) Vz € S: [a,z] ¢ X and there is an si-2-path SL([a, z], X U {[a, b]}) between
and z, and

() Vw,z € S,w # z: [w,z] ¢ X and thereisan si-2-path Sh([w, z], X U {[a,b]})
between w and =.

If the set X is not explicitely stated later then it is understood that X = §).

The sc-2-path isillustrated in Figure 4.6, (11) and (I11). The conditions (d), (e), (i) and (j) rep-
resent the si-paths additionally required compared to the Definition 4.9 of an sc-1-path. Like
before, the set X is necessary because it accounts for the ancestral ordering in the correspond-
ing DAG to a degree which is (small but) sufficient to ensure the sc-2-path to be well-defined.
Due to this extension, the definitions of the sc-2-path and the si-2-path depend on each other,
unlike the definition of an sc-1-path (cf. Definition 4.9).
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Definition 4.14 (Extended Recursive Incomplete Path in a Skeleton: SI-2-Path) Let ¢ be
a relative scoring function. Let [a,b] be a pair of variables (a,b € V), and let X be a set
of pairs of variables such that [a, ] ¢ X. We define an extended recursive incomplete path, or
si-2-path, between two variables a,b € V in a skeleton m to be a tuple S&([a, b], X) with the
following properties:

(i) thereisan sc-2-path SCy([a, b], X) between a and b, or
(i) theedgea ~ bisabsent,and3S;, Sy C V\ {a, b} such that

@ g(a,b,81) <0and g(b,a,S2) < 0,and

(b) Vz € S; theedge a ~ = ispresent, and

(c) Yy € Sz theedge b ~ y is present, and

(d) Vsi1,s9 € St US2U {a,b}, s1 # sa: [s1,52] ¢ X, and

(e) Vz € S thereisan si-2-path SL([b, z], X U {[a, b]}) between b and z, and
(f) Vz € Sy thereisan si-2-path SL([a, z], X U {[a, b]}) between a and =, and

(9) Yw,z € §§ USy, w # z, thereisan si-2-path SL([w, z], X U {[a, b]}) between w
and z.

If the set X isnot explicitely stated later then it is understood that X = ().

Condition (ii) of the si-2-path is illustrated in Figure 4.6, (I). The requirements (d), (e), (f)
and (¢) are additional to the si-1-path (cf. Definition 4.11).

The simplistic example in Figure 4.7 illustrates the main difference between the si-1-path and
the si-2-path, namely that the latter accounts for an extended vicinity. The relative scores in
Figure 4.7 immediately imply that the edges a ~ d and b ~ ¢ are certainly absent, while the
edgesa ~ cand b ~ d are certainly present (cf. Proposition 4.2). Let us hence focus on the
edgesa ~ b and ¢ ~ d. Thescores g(c,d, {a}) < 0 and g(c,d. {b}) < 0 imply that, according
to the sc-1-path condition, the edge ¢ ~ d is alowed to be absent if theedgesa ~ cand b ~ d
are present. The edge a ~ b is not involved in the vicinity of the edge ¢ ~ d. Consequently,
the minimal skeleton according to the necessary si-1-path condition contains only the edges
a ~ candb ~ d (cf. skeleton my in Figure 4.7). In contrast, if the edge ¢ ~ d is absent

then the extended vicinity of the si-2-path requires an si-path S&([a, b], {[c, d]}) to be present

between « and b. Such an si-path between a and b can, however, only be present if the edge
a ~ b by itself exists. Due to the symmetry regarding the edges @ ~ b and ¢ ~ d in this
example, it is apparent that the si-2-path condition yields that either one of the edges a ~ b
or ¢ ~ d hasto be present in a minimal skeleton (cf. the skeletons »y and o in Figure

4.7). The resulting uncertainty regarding the presence of edges can again be summarized in a
single graph (cf. Figure 4.7). Summing up, the necessary si-2-path can yield additional edges

8If S, or S, areempty the corresponding edges or paths do not have to be present, of course.
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induced relative scores (g is score-equivalent):
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1 Lo

ms

(locally) optima DAGs

absolute scores of DAGS:

f(mg):=fy f(my) =forg(ab) >fy f(my) =fo+g(cd) >f,  f(my) =f0+g(a,b)+g(c,df,E b}))
<f(m
the corresponding skeletons: !

oMo o

ms

all these skeletons fulfill the si-1-path condition concerning each pair of variables

only in these skeletons, also an si-2-path
is present regarding each pair of variables

these two skeletons are minimal, and can be summarized
in asingle graph (the dashed linesindicate here
that either one of these edgesiis present) :

Figure 4.7: Comparison of the si-1-path and the si-2-path.

compared to the necessary si-1-path. Also, note that the edges contained in each of the minimal
skeletons obeying the si-2-path condition are also present in (locally) optimal DAGs.

The extended necessary path condition entails, of course, more involved computations. In
particular, if model uncertainty is discovered, alarge number of edges might be involved. For
this reason, efficient computations often require additional approximations, as discussed in
Section 5.3.2.



4.3 NECESSARY CONDITIONS CONCERNING SKELETONS 65

4.3.3 Simplified Necessary Path Conditions

This section is concerned with necessary path conditions which are less strict than the previous
ones. There are two ways for obtaining simplified conditions. First, the size of the vicinity
of an absent edge can be reduced by requiring the presence of fewer edges or paths. Second,
the strictness can be weakened be replacing, for instance, a necessarily present edge by a path.
Also, one might resort to paths in the vicinity of an absent edge which act as conditions less
strict than other kinds of paths. Hence, there are many options for replacing some of the
necessarily required edges, sc-paths or si-paths by less strict ones. Let usfocus on the particular
case where only asingle kind of paths is used rather than both the si-path and sc-path.

Definition 4.15 (Simplified Recursive Incomplete Path in a Skeleton: SI-3-Path) Let ¢ be
a relative scoring function. Let [a,b] be a pair of variables (a,b € V), and let X be a set of
pairs of variables such that [a,b] ¢ X. We define a simplified recursive incomplete path, or
si-3-path, between two variables a,b € V in a skeleton m to be a tuple SE([a, b], X) with the
following properties:

(i) theedgea ~ b ispresent, or
(ii) theedgea ~ bisabsentand3S C V \ {a, b} such that

@ g(a,b,8) < 0,and
(b) Vs € Stheedgea ~ s ispresent, and
(c) Vs € S: [b,s] ¢ X and there exists an si-3-path SE([b, s], X U {[a,b]}) between
b and s,
or
(d) g(b,a,S) < 0,and
(e) Vs € Stheedgeb ~ s ispresent, and

(f) Vs € S: [a, s] ¢ X and there exists an si-3-path S([a, s], X U {[a, b]}) between
aand s.

If the set X is not explicitely stated later then it is understood that X = §).

The si-3-path requires fewer paths to be present than the si-2-path or the sc-2-path. Moreover,
no sc-path isinvolved. The si-3-path is hence less strict than the si-2-path or the sc-2-path. In
other words, whenever there is an si-2-path or an sc-2-path between two variables then there
exists also an si-3-path. As a consequence, the si-3-path might yield skeletons with a reduced
number of edges. The advantage of this simplification is, however, that only a single kind of
paths has to be considered, which eases the implementation of the corresponding algorithm.
Despite this simplification, the si-3-path is still capable of allowing for the asymmetry con-
cerning the variables a and b when a non-score-equivalent scoring-function is used, i.e. when
gla,b,S) # g(b,a,S). Thisisbecause the si-3-path requires edges between each variable and
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its parent-candidates S, whereas si-paths have to be present between the parent-candidates S
and the other variable. Finally, let us comment on the simplest si-path. It is obtained from the
si-3-path by replacing the edges between each variable and its parent-candidates by si-paths.
Thisleads to the least strict necessary path condition in this thesis:

Definition 4.16 (Simplest Recursive Incomplete Path in a Skeleton: Sl-4-Path) Let g be a
relative scoring function. Let [a,b] be a pair of variables (a,b € V), and let X be a set of
pairs of variables such that [a,b] ¢ X. We define the simplest recursive incomplete path, or
si-4-path, between two variables a,b € V in a skeleton 1 to be a tuple SL([a, b], X) with the
following properties:

(i) theedgea ~ bispresent, or
(ii) theedgea ~ bisabsentand 3S C V \ {a,b} such that

@ g(a,b,8) <0o0rg(b,a,S)<0,and

(b) Vs € S: [b,s] ¢ X and there exists an si-4-path SL([b, s]. X U {[a,b]}) between
b and s, and

(€) Vs € S: [a,s] ¢ X and there exists an si-4-path SIj([a, s], X U {[a,b]}) between
a and s.

If the set X isnot explicitely stated later then it is understood that X = (.

Obvioudly, the si-4-path is symmetrical concerning the variables @ and b. This is because it
reguires si-paths between « and each s € S and between b and each s € S. For this reason,
the si-4-path is particularly appropriate when it is used in conjunction with score-equivalent
scoring-functions. Since g(a,b,S) = ¢(b,a,S) holds in this case, the condition (ii,a) sim-
plifies even further. The different variants of si-paths (and sc-paths) are further discussed in
Chapter 5, which is concerned with their implementations and their performance in our experi-
ments. We also compare them with popular constraint-based approaches, which do not employ
a necessary path condition.

4.3.4 Minimal Skeletons

This section summarizes the properties of minimal skeletons, which were first mentioned in
Section 4.3.1. Since many different skeletons generally comply with the necessary si-path
condition, most information is provided by those skeletons which define the border between
the graphs obeying the necessary path condition and the ones which do not. This divides the
search space of skeletons into two parts. We call the skeletons on this border minimal, when
they do not only comply with the necessary path condition but also contain no certainly-absent
edge (cf. Proposition 4.2). In other words, these skeletons contain a minimal number of edges
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in the sense that one cannot remove any edge without violating the necessary path condition.
Consequently, the set of all skeletons obeying the necessary path condition contains not only
the minimal skeletons but also the graphs obtained by adding arbitrary edges to a minimal
skeleton.

All the optimal skeletons are among the graphs fulfilling the necessary path condition, since
the necessary path condition is anecessary rather than a sufficient condition for askeleton to be
optimal. Conversely, not every optimal skeleton hasto be minimal. Hence, each of the minimal
skeletons is optimal or it is contained in an optimal skeleton. The latter is understood in the
sense that an optimal skeleton might comprise some edges additional to the minimal skeleton.
In other words, a minimal skeleton is a subgraph of an optimal skeleton. For this reason,
the necessary path condition can help determine edges which are present in (locally) optimal
DAGs. Moreover, the induced edges are present with some confidence. However, the degree of
confidence cannot be calculated by this approach. In order to compute confidence intervals, one
has to apply computationally more involved approaches, like for instance the bootstrap [50,57]
(cf. also Section 3.2). The constraint-based approach (applying the necessary path condition)
might hence be used as a computationally efficient, but limited, alternative to the bootstrap.

Since the minimal skeletons tend to contain less edges than the optimal ones, one can only ar-
riveat (locally) optimal skeletonsif the” missing” edges areincluded into the minimal skeletons
in a subsequent step. Since only necessary conditions are applicable in the space of skeletons,
thefinal step of such alearning procedure has to take place in the space of DAGs. Chapter 6 is
concerned with such a scheme, which is greedy for simplicity.

Another aspect of minimal skeletons is as follows. If an edge a ~ b is absent due to the score
gla,b,S) < 0 then it is so because the subset S might be the parent set of « in the optimal
DAG m. However, it does not have to hold that pa,,(a) = S. Regarding an edge a ~ b
being absent from aminimal skeleton, it is hence implicitly assumed that g(a, b, pa,,(a)) < 0
if g(a,b,S) < 0. Since thisis not guaranteed to hold in general, minimal skeletons tend to
contain less edges than optimal DAGs, implying the same conclusion as above.

Regarding multiple testing, let us consider a standard constraint-based agorithm, which re-
moves an edge a ~ b when a conditiona independence « L b|S was found for some set
S CV\ {a,b}. When astatistical test with asignificance level «, e.g. 5%, is used, one might
expect at first glance that the fraction of edges erroneously found to be present is of the order
of 5%, like the Type | error in each of the tests. The experiments indicate that this number is,
however, much lower. A close look reveas that an edge is only present in the induced graph
when the tests on conditional independence reject the hypotheses a 1L b | S for all the subsets
S under consideration. Hence, atest which erroneously yields a dependence (Type | error) has
no impact on the resulting graph as long as there is another test yielding the absence. Thus, an
edge is removed when a conditional independence isinduced by at |east one test. For instance,
in the PC algorithm [142], when tests at low orders of S yield erroneously a dependence then
tests of higher ordersare carried out. The latter might yield aconditional independence, astests
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of higher orders are generaly less reliable. Summing up, chances that an edge is erroneously
present are much smaller than the significance level o used in each test, while chances that an
edge is erroneously absent is much larger than the (unknown) Type Il error in each test. This
implies again that the graphs induced by the constraint-based approach contain only such edges
which are present with a high degree of certainty. Another conclusion isthat too few edges are
found to be present, compared to the optimum.

4.3.5 Parsimony

The heuristics of parsimony is often used in machine learning. This is because parsimonious
models tend to exhibit less over-fitting than other, more complex models. This is particularly
important if the scoring function is only concerned with the fit of the model, and does not
take into account its complexity. In this case, the search strategy has to account for model
complexity in some sense, e.g. by preferring parsimonious models.

When learning in Bayesian networks, the usual scoring functions contain a penalty term for
model complexity (cf. Section 3.1.4). As a consequence, one can expect that the optimal
DAGs with respect to such a scoring function do not exhibit over-fitting. The employed search
strategies can thus aim at inducing the optima.

When the necessary path condition is used for determining minimal skeletons in our approach,
the scores of the skeletons, however, can not be calculated, as the orientations of the edges
are undetermined. When there is alarge number of minimal skeletons, some of which might
correspond to a DAG with a higher score than others do. Since computing all those minimal
skeletons can often be computationally infeasible, we apply the heuristics of parsimony, i.e.
we prefer those skeletons which contain the fewest edges among all the minimal skeletons. For
illustration, let us consider the simplistic example in Figure 4.8: unlike in the previous exam-
ples, thetwo minimal skeletons contain adifferent number of edges here, namely three and four
edges, respectively. It isleft to the reader to verify that the shown skeletons are indeed minimal.
Let us only note that the score g(a, d, {b,c}) < 0 versus both the scores ¢(b,d, {a}) < 0 and
g(c,d,{a}) < 0 plays adecisive role. The heuristics of parsimony prefers the skeleton with
three edges to the other one with four edges. Applying the heuristics of parsimony hence ex-
cludes some minimal skeletons from consideration. For this reason, the global optimum need
not be among the parsimonious skeletons or among the graphs obtained by adding some edges
to the parsimonious skeletons. Thisis a main difference between minimality, as described in
the previous section, and parsimony, as employed here. However, in most of our experiments
the heuristics of parsimony not only entailed more efficient computations but also selected
those minimal skeletons which were closer to the global optimum than the others (cf. Section
5.6.2). For these reasons, parsimony is often very useful in practice.
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induced relative scores (g is score-equivalent):

g(a,b)>0 g(a,c)>0 g(a,d)>0 g(b,c)<0 g(b,d)>0 g(c,d)>0
g(@bfch>0 g(aci{b})>0 g(bcl{a})<0  g(@ab{d})>0 g(ad{b})>0 g(bd{a})<0
glac{d)>0 g(adfcH)>0 g(cd{a})<0 g(b,c{d})<0 g(bd{c})>0 g(cd{b})>0
g@b{cd)>0 g(ac{bd})>0 g(ad{b.ch)<0 gbcf{ad)<0 gbdfac})>0 g(cdfab})>0

some DAGs and their scores:
b e o8 w—w OB o
f(mg):=f, f(mg)=fo+a(b.d)+a(c.d) > f, f(m,,) <f(my)
f(my)=fy+g(ad) >f, f(mg)=fo+g(ad)+g(b,d.{a}) <f(m,)
b 8 B B o w e
f(m,):=f, f(m,)=f, +g(b,d)+g(c,d,{b}) > f, f(m,,) <f(my), f(m.)
f(ms)=f,+g(ad) >f, f(myo)=f, +g(ad)+g(b,d{a}) <f(m,)

@<<@ (aJ«—(b)

o b
f(mg)=f,+a(b.d)+g(c.d.{b}) > f,

f(m,)=f, +g(ad{b}) >f;

(al—(b)
L

f(mg)=t, +gad{d}) >1,

contains (locally) optimal DAGs

the corresponding skeletons:

@a—b @0 -y a—®  ([@—
b w b b b
ﬁ:‘O,l r:hZ ..... 5 rAﬁG,?,B r719,10 I:ﬁll,lZ

these skeletons fulfill the si-path condition for every pair of variables

only these two skeletons are minimal

H/_/
parsimony: this skeleton contains the fewest edges
while still fulfilling the si-path conditions

Figure 4.8: Illustration of parsimony.
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4.4 Properties of the Perfect Map

Popular constraint-based learning algorithms, e.g. [142], assume that the probability distribu-
tion underlying the data is faithful (cf. aso Section 2.2.4). Their aim is hence to recover
the perfect map given the induced conditional independences. When the conditional indepen-
dences and dependences (CIDs) are induced from finite data by means of statistical tests, one
cannot expect in general that there is a DAG which can represent all the induced CIDs, even if
the data was sampled from a faithful probability distribution. The reason is that a penalty con-
cerning model complexity isinherent in astatistical test or some other decision mechanism (cf.
also Section 4.1). Consequently, atest concerned with the independence of a and b conditional
on some set S might yield g(a,b,S) < 0, and henceimply a 1L b | S, only because the data set
was small.

This suggests to represent all the induced conditional dependences, but not all the induced
conditional independences in the induced DAGs. Such DAGs are hence I-maps of the induced
CIDs (cf. Section 2.2.4). Moreover, these graphs might be viewed as candidates for being the
perfect map of the true probability distribution underlying the data. Apparently, there can be
several such I-maps. Most interesting are minimal |-maps because they represent a maximal
number of the induced conditional independences.

Like in the case of optimal DAGs, we focus on a necessary condition which has to be fulfilled
in a perfect map. This condition can then be employed by a learning agorithm to find graphs
which are candidates for being the skeleton of the perfect map. This kind of approach was
also described in [144]. Regarding the presence of an edge in a perfect map, the following
proposition can easily be derived.

Proposition 4.17 Let p be a faithful probability distribution for the variablesin V, i.e. there
exists a perfect map m. If the edge a ~ b isabsent in m then

(i) thereisaset S C pa,,(a)\ {b} inm suchthata L b|S inp, and thereisanz € S
such that thereisapathz = zp ~ =1 ~ --- ~ z,, = b without converging arrows, i.e.
Ti_1 = Tj < Tigl (=1,....,r=1),inm,

or
(i) thereisaset S C pa,,(b) \ {a} inm suchthata L b|S inp, and thereisan = € S

such that thereisapath z = xy ~ 21 ~ --- ~ 2, = a without converging arrows, i.e.
Ti—1 — Tj & T (i = 1, vy T — 1), inm.

Proof. This follows directly from the definition of a perfect map (cf. Definition 2.4) and the
d-separation criterion (cf. Definition 2.1). O

It is apparent that this condition is very similar to the ones applying to optimal graphs (cf.
Section 4.2). Like in the optimal DAG, there need not be a path without converging arrows
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between every s € S C pa,,(b) \ {a} and a in the perfect map. In fact, evenif S # 0 is
minimal, i.e. a Lb|SandVS C S :a L b|S', itisonly guaranteed that there is at least
one variable x € S such that there is a path without converging arrows between = and a.
Thisisillustrated in Figure 4.9, where the set S = {c¢,d, e} isminima such that « and b are
d-separated by S, and hence @ L b|S. It is obvious that there exists only one path without
converging arrows between an s € S and a, namely « — c¢. Along the paths between « and
d € S orbetweena and e € S isacollider at variable c.

(d
[@——=(cj (bl

Figure 4.9: When given a L b|{c,d, e}, there need not exist more than one path without
converging arrows between « and b in aperfect map.

Proposition 4.17 leads immediately to a necessary path condition applying to the skeleton of
the perfect map:

Proposition 4.18 (Necessary SC-P-Path Condition) Let p be a faithful probability distribu-
tion for the variablesin V, i.e. there exists a perfect map . Between every pair of variables
a,b € V there has to be an sc-1-path in the skeleton 17 if the two variables are not marginally
independent.

The definition of an sc-1-path, which is originally concerned with optimal skeletons (cf. Def-
inition 4.9), applies also to the skeleton of the perfect map when g(a, b, S) < 0 is understood
as an induced conditional independence a 1Lb|S.

Apparently, if two variables are marginally dependent, there hasto be an sc-1-path in the skele-
ton of the perfect map. Thisisthe main difference to the necessary si-path condition concerning
optimal skeletons (cf. Proposition 4.12), where an si-path rather than an sc-path is required be-
tween every pair of variables. Hence, an edge which is present inaminimal skeleton complying
with the necessary si-path condition (concerning optimal skeletons) is aso present in the min-
imal skeleton fulfilling the necessary sc-p-path condition. However, the latter might contain
additional edges, as illustrated in Figure 4.10. Because the variables « and b are marginally
dependent due to the score g(a,b) > 0, the necessary sc-p-path condition requires an edge to
be present between the connected component involving a, ¢ and 4 and the other one comprising
b, e and f. In contrast, such an edge is absent in the optimal DAG, and it is not required by the
necessary si-path condition applying to optimal skeletons (cf. Proposition 4.12).

Although the necessary sc-p-path condition is asymptotically correct if there exists a perfect
map, it can require edges to be present which are indeed absent in optimal DAGs when given
finite samples. Hence, this asymptotic result cannot simply be applied to finite data. The same
applies aso to an early version of the PC agorithm, also called PC' agorithm, as the required
paths are derived from the perfect map [140, 142]. In order to induce only those edges which
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optimal DAG: induced relative scores regarding aand b (g is score-equivalent):

(& g9(ab)>0
\% %/ g(@ab,S)>0 forthesets S={c}, S={d}, S={€}, S={f}
@ 9(ab,S) <0 for al the other sets S

some skeletons which comply with the necessary sc-p-path condition:
\E—é@/ \@_E/

Figure 4.10: If the variables a and b are marginally dependent, there has to be an sc-path (rather
than an si-path) present between them in the skeleton of the assumed perfect map.

are present in optimal DAGs, one thus has to use the necessary si-path condition derived from
properties of optimal DAGs.
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Learning the Presence of Edges

After the necessary path condition was derived in the previous chapter, in this chapter we are
concerned with the structural learning algorithm aimed at finding the corresponding parsimo-
nious skeletons, based on the induced relative scores. We focus on how such an algorithm
works and what computational aspects have to be considered. The necessary si-path condition
(cf. Proposition 4.12) is represented by a set of rules, which can efficiently be smplified by
the learning algorithm. A skeleton complies with the necessary path condition if and only if
arule is fulfilled for each absent edge. A main difference between the presented extension
and state-of-the-art constraint-based agorithms is that possibly several graphs can be found.
Moreover, the multiple solutions can be displayed in a single graph, easing the interpretation.
The basic ideas described in this chapter were published in [144]. In various experiments, the
proposed approach is compared to other popular learning agorithms.

5.1 Rules

Since the sc-paths and si-paths are defined recursively (cf. Chapter 4), we use two kinds of rules
for representing each of which, the c-rule and the i-rule. In the following, the most involved
variant of rulesisdescribed, namely the one corresponding to si-2-paths and sc-2-paths (cf. the
Definitions 4.14 and 4.13). The other variants of the learning algorithm, based on simpler paths
like the sc-1-path, si-1-path, si-3-path or si-4-path, can be obtained analogously. In particular,
the algorithms employing the si-3-path or si-4-path are considerably simpler than the variant
described here, because the former do not involve sc-paths.

A c-rule is a quadruple CR(X,E, C,I), and an i-rule is atriple IR(X,E.I), where X =
[a,b] = [b,a] isapair of varigbles a,b € V, and E, C and I are sets of pairs of variables.
According to the necessary si-path condition and the definitions of the sc-paths and si-paths,
the following interpretation is suggested: X = [a,b] represents the edge a ~ b which is
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possibly absent. If it is absent then

¢ an edge hasto be present between the variables  and y if [z, y] € E,
e an sc-path has to be present between the variables = and y if [z, y] € C, and

e an si-path has to be present between the variables  and y if [z, y] € 1.

Hence, apair of variables can be interpreted as an edge, an sc-path or an si-path depending on
the context. For brevity, we hence call the elements of E, C and I edges, sc-paths and si-paths,
respectively. The sets E, C and I represent the conditions under which the edge X can be
absent in a skeleton such that the necessary si-path condition is fulfilled. We say that aruleis
fulfilled when all the conditions represented by the sets E, C and I are met.

Once the relative scores have been computed, each of which is transformed into a rule. For
clarity, the details on how to (efficiently) compute the scores are postponed to Section 5.4. The
following scheme for generating the rulesis a direct consequence of the definitions of the sc-2-
path and the si-2-path (cf. the Definitions 4.13 and 4.14): for each relative score g(a,b,S) < 0
with a,b € V, wheretheset S C V \ {a,b} is not empty, a c-rule CR([a,b]. E,C,1I) is
generated with

e E={[a,s]:s5€S},
e C={[bs]:s€S},
o I={[b,s]:s€S}U{[s1,52]: 1,52 € S,51 # s2}.

While such c-rules correspond to sc-paths (cf. Definition 4.13), si-paths are accounted for by
i-rules asfollows: regarding two variables a,b € V, ani-rule I R([a,b], E,I) iscreated if there
are two relative scores g(a,b,S) < 0 and g(b,a,.S') < 0 with digoint and non-empty sets
S,8" CV\{a,b}. Thecondition sets E and I are given by

e E={[a,s]:seS}U{[bs]:s €S},

e I={[b,s]:seStU{[a,s']:s €S'U{[s1,52]: 51,820 € SUS', 51 # s2}.

Note that, in this definition of ani-rule, werequire SN S = 0. Incasethaa SNS' =T # 0,

both theedgesa ~ t and b ~ t (¢t € T) have to be present. Since this implies the existence of
an sc-path between « and b, there is already a c-rule accounting for this case. The restriction
S NS = () hence helps avoid the creation of essentially identical rules. Apart from that, the
i-rule IR([a,b],0,0) is generated for every a,b € V with g(a,b,) < 0. Thisis because the
edge a ~ b can be absent without requiring any edges or paths to be present. Positive scores,
i.e. g(a,b,S) > 0, do not entail the creation of a rule. When the used scoring function ¢
is score-equivalent, one may not forget to generate the rules corresponding to both the scores
g(b,a,S) < 0and g(a,b,S) < 0.
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All therules are collected in the set of rules R. In general, there can be severa different sets S
for each edge @ ~ b such that g(a,b,S) < 0 or g(b,a,S) < 0. Thisimplies that there can be
many different rules concerning an edge a ~ b. Since only a negative relative score entails the
creation of arule, it is clear that there isno rule in R corresponding to a certainly-present edge
a ~ b, for which holdsthat VS C V' \ {a,b} : g(a,b,8) > 0 A g(b,a,S) > 0.

Since the definitions of the rules follow immediately from the sc-2-path and the si-2path, it is
clear that a skeleton complies with the necessary si-path condition (cf. Proposition 4.12) if a
rule is satisfied for each absent edge.

5.2 Simplifying the Rules

The minimal skeletons can be determined on the basis of the set of rules R, since the latter rep-
resents the necessary path condition in the algorithm. In general, it is not obvious which edges
are absent in the minimal skeletons. The only exceptions are certainly-present and certainly-
absent edges (cf. Proposition 4.2). The task is hence to find out about the presence or absence
of the remaining edges. This can be done by two equivalent, but in some sense opposite,
approaches. Let usfirst consider the more intuitive procedure. It isillustrated in Figure 5.1.

In this simplistic example, it may not be clear immediately whether theedgesa ~ banda ~ d
have to be present or absent in aminimal skeleton. Instead of considering a graph, let us focus
on the rules concerning the edge @ ~ b, i.e. the rules (I) and (I1). According to rule (I1), if
the edge a ~ b is absent then the edge b ~ d and an sc-path between « and d have to be
present. While the edge b ~ d is certainly present, the existence of the sc-path between « and
d is not apparent. Due to the recursive definition of an sc-path, however, one can use rule (111)
regarding the edge or sc-path between a and d. When the c-rule (111) is inserted into rule (I1),
as depicted in Figure 5.1, then the new rule (V), C'R([a, b], E, C,I), is such that the condition
sets E, C and I contain solely edges which are certainly present. Hence, this rule is fulfilled
and the minimal skeleton does not contain the edge between a and b.

This example illustrates that the absence of the edge between « and b can be determined by
considering solely the set of rules . A graph was not used in this process. Having simplified
the rules, the minimal skeleton(s) can immediately be specified.

5.2.1 Removing the Conditions Apparently Fulfilled

The computational disadvantage of the above procedure is that the number of rules as well as
their complexity increase, because new rules are generated. Let us hence turn to the alternative
procedure which is computationally more efficient. Theideaisasfollows: the condition sets of
therules CR([a,b], E, C,I) or IR([a,b], E',T') often require such edges or paths to be present
which are indeed present, e.g. certainly-present edges. Since the presence of the latter edges
is guaranteed, they need not be stated explicitely in the condition sets. The rules can thus be
simplified by eliminating these edges from the condition setsE, C and I, as an edge isalso an
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Assumethat - the edges a~c, c~d and b~d are certainly present,
- the edge b~c is certainly absent
- the scores concerning the edges a~b and a~d are as follows:

o(a,b)>0 g(a,d)>0
g@@ab{ch)>0  g(ad{b})>0
gab{d})<o g(ad{c}<0
g(a,bf{c,d})>0 g(ad{b,c})>0

(g is score-equivalent)

q|
2
@b

In order to find out about the presence / absence of the edges a~b and a~d,
the negative scores are trandlated into rules:

rule (1):  CR([a,b] {[a,d]}{[b,d]}{[b.d]})
rule (I): - CR([a,b] {[b,d]}.{[a.d]} {[a.d]})

rule (111): CR([a,d] {[c.d]}{[ac]}.{[ac]})
rule (IV): CR([ad] {[a.c]}{[c.d]}{[c.d]})

o(a,b{d})<0 istrandatedinto {

g(a,d{c})<0 istrandatedinto {

New rules are generated, e.g. a new rule can be obtained by inserting rule (111) into rule (11):

rue(V):  CR([ab].{[b,d].[cd]}{[ac]}.{[ac]})

Because al the edges in the condition sets of the rules (111) and (V) are certainly present,
aruleisfulfilled for both the edges a~d and a~b. These edges are hence absent in
the minimal skeleton, asis the certainly-absent edge b~c:

@l b)
Figure 5.1: The absence of the edges a ~ b and a ~ d from the minimal skeleton can be
induced by inserting rulesinto one another.

sc-path and an si-path. Let us reconsider the example in Figure 5.1 for illustration. Since the
edgesa ~ ¢,c ~ dandb ~ d are certainly present, they can beremoved from the condition sets
E,CandIof eechrule CR(X,E,C,I). Thisisdepicted in Figure 5.2. After this elimination,
particularly simple rules of the kind C'R([a. d],,0, () occur. This has two consequences.
First, such arule states that the edge a ~ d is absent in all the minimal skeletons. The reason
isthat al its condition sets are empty, and hence this rule is always fulfilled. Thisimplies aso
that the edges and paths required by the original rule are present in all the minimal skeletons.
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Therules, as depicted in the previous example, can be simplified in an equivalent,
but computationally more efficient way:

rule(l):  CR([a,b] {[ad]}{[bd]}.{[b,d]})
rule (I1):  CR([a,b] {[b.dl}{[adl}{[ad]})

rule (I11): CR([ad] {[c.d]}.{[ac]}{[ac]})
rule (IV): CR([ad] {[a.c]}.{[c.d]}{[cd]})

Because the edges a~c, c~d and b~d are certainly present, they can be removed from the
condition setsin each rule:

rule (I’): CR([a,b] {[a,d]},0.0)
rule (II'): CR([a,b],0{[ad]}.{[ad]})

rule (11"):CR([adl.00.0)  _. ihe edge ad is definitely absent and
rule (IV"):CR([a,d] 0,0,0) an sc-path between aand d is definitely present

The simplified rules (111') and (IV') can now be substituted into the rule (I1'):
rule (11" ): CR([a,b],0,0,0) => the edge a~b is definitely absent

Hence, the minimal skeletonis:

E) b
Figure 5.2: Simplifying the rules is an equivalent, but computationally more efficient aterna-
tive to generating new rules like in Figure 5.1.

The second conseguence is hence that an sc-path is present between a and d, even if the edge
a ~ d is absent, because the smplified ruleis a c-rule. This implies that c-rules of the kind
CR(X,0,0,0) can be used for further simplifying those rules which contain X in one of their
condition sets C or I. Thisis achieved by removing also X from those sets. As more and more
rules of the kind CR(Y, (., (), ) occur during the process of simplifying the rules, they can be
used for simplifying others. This is depicted in the second step in Figure 5.2, where the edge
a ~ bisfound to be absent in minimal skeletons.

For brevity, we call an edge definitely absent or definitely present if it is absent or present
in all the minimal skeletons. In particular, every certainly-present or certainly-absent edge
is also definitely-present or definitely-absent. Conversely, a definitely-absent edge need not
be certainly absent. In Figure 5.2, for instance, the edges a« ~ b and a ~ d are definitely
but not certainly absent. The notion of definitely-present (absent) edges is thus more general
than the one of certainly-present (absent) edges. The rulesin R can be simplified to help find
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definitely-absent edges as follows:

(i) Every crule CR(X,E,C.I) withanY € E such that
e Y isacertainly-present edge
can be changed to the smpler c-rule CR(X,E \ {Y},C,I).
(i) Every c-rue CR(X,E,C,I) withanY € C such that

e Y isacertainly-present edge, or
e thereisac-rue CR(Y,0,0,0)

can be replaced by the c-rule CR(X, E, 0, T).
(iii) Every c-rule CR(X,E,C,I) withanY € I such that

e Y isacertainly-present edge, or
o thereisac-rue CR(Y,0,0,0), or
e thereisani-rule IR(Y,0,0,0)

can be altered into the c-rule CR(X, E, C, I\ {Y'}).

(iv) Everyi-rule IR(X,E,I) can be replaced by a simpler i-rule analogously to the proce-
dures (i) and (iii).

In procedure (ii), the set C simplifies to the empty set, because at least one sc-path has to be
present according to the Definition 4.13 of an sc-2-path. Consequently, oncean sc-pathY € C
is determined to be present, all the aternative sc-paths in C need not be considered any more,
and can hence be removed. In (iii), a certainly-absent edge need not be mentioned explicitely,
unlike a certainly-present one. This is because a certainly-absent edge a ~ b is trandated
into rules, particularly into the i-rule IR([a,b],0,®,0), while a certainly-present edge is not
reflected by arule. In the Definitions 4.13 and 4.14 of an sc-2-path SCi([a,b], W) and of

an si-2-path SIy([a,b], W) between two variables a,b € V, it is not allowed that the pairs of
variablesin the set W are present along any of the paths required by their recursive definitions.
This is automatically ensured by the above schemes applying to rules, because the simplifi-
cation process starts out with certainly-present and certainly-absent edges, and continues only
with definitely-absent edges. Thus, the above procedures comply with the necessary path con-
dition and the definitions of sc-paths and si-paths in the previous chapter. They can hence be
used for finding (some of the) definitely-absent edges.

In the remainder of this section, let us reconsider some of the previous examples in the light
of rules. First, in the simplistic example in Figure 4.4, the score g(a, ¢, {b}) < 0 entails the
rules CR([a, c]. {[a. 0]}, {[b. c]}, {[b. ]}) and CR([a, c]. {[b,c]}, {[a, b]}. {[a,]}). They can
be simplified, because the edge a ~ b is certainly present (cf. Proposition 4.2). The resulting
rulesregarding theedge a ~ c are denoted in Table 5.1: neither one of these two rules simplifies
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simplified rules
C'R([a,c],@,{[b, ]}, 0)
CR([a,c], {[b,c]}, 0, 0)

Table 5.1: The rules regarding the edge a ~ ¢ after their simplification. This continues the
example in Figure 4.4.

to CR([a,c],0,0,0). Both state that the edge a ~ ¢ can only be absent if theedge b ~ c is
present. Since the latter is certainly absent, the rulesyield that the edge « ~ ¢ has to be present
in the minimal skeleton, which agrees with the result found previously.

The second example is slightly more involved, namely the one shown in Figure 4.5. The scores
gla,c,{b}) < 0and g(b,c,{a}) < 0 transform into the rules denoted in Table 5.2. Only the
certainly-present edge a ~ b leads to a simplification of the condition sets (cf. Table 5.2).
Obvioudly, neither one of the edgesa ~ ¢ and b ~ ¢ can be absent in all the minimal skeletons.
In fact, the simplified rules imply that the edge a ~ ¢ can only be absent if b ~ ¢ is present,
and vice versa. Thisisin accordance with the results in Figure 4.5.

Regarding the third example, the rules resulting from the scores in Figure 4.8 are given in Table
5.3. The certainly-present edgesa ~ b and a ~ ¢ entail asimplification of therules. It follows
that the edgesa ~ d, b ~ d and ¢ ~ d are not definitely-absent. Furthermore, it is apparent
that arule is fulfilled for each edge when the single edge a ~ d is present, or when both the
edgesb ~ d and ¢ ~ d are contained in the minimal skeleton. Again, this result agrees with
the one obtained in Figure 4.8.

These examples illustrate how the set of rules can be ssimplified greatly so that the structure of
the minimal skeletons canimmediately be read off therules. In general, however, it is not possi-
ble to induce all the definitely-absent edges by means of the above procedures. Thisis because
the given simplifications are merely simple schemes rather than a necessary and sufficient con-
dition for determining such edges. A further simplification of the rules can be achieved by the
more powerful procedure described in the next section. Asit is computationally more involved
than the above procedures, the above procedures might be applied in a pre-processing step.
Since a necessary and sufficient condition can be very involved due to the recursive definition
of the paths, this is accounted for in the subsequent step described in Section 5.3.2.

rules generated according to the scores | simplified rules

CR([a <], {[a- b1} Lo, ]} {[b- T} CR<[a 1.0 Ty AT T}
R([a.c]. {[b, ]} {[a. 0]} {[a.8]}) | CR([a.c]. {[b.c]},0.0)

CR([b,c], {[a, b]}. {[a, ]}, {[a.c]}) CR([b,c] 0.{la.c]}, {la.c]})
R([b, c]. {[a, c]}. {[a, 0]}, {[a, b]}) R([b,c]. {[a.c]},0.,0)

Table 5.2: The rules before and after their simplification. This continues the example depicted
in Figure 4.5.
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rules generated according to the scores simplified rules

CR([b,dT. {[a, 01} (e d]} ([ d]}) | CR([0, 1.0 {[a. dT}. {[a. d]})

CR([b,d].{[a,d]}, {[a,b]} {[a,]}) CR([b,d],{[a.d]},0.0)

CR(e.d). {[a.c]}. {{a,d]}. {fa.d]}) | CR([e,d]. 0. {[a.d]}. {[a.d]})

CR(e.d). {[a.d]}. {[a.c]}. {fa.c]}) | CR([e.d]. {[a.d]},0.0)

CR([a.d]. {[a,0].[a,c]}.{[b,d], [c.d]}. | CR([a,d],0.{[b.d],[c,d]},{[b.d].][c,d]})
{[b.d).Je.d).[b.c]})

CR([a,d]. {[b.d).[e.d]}. {[a.0],[a.c]}. | CR([a.d].{[b.d].[e.d]}.0,0)
{{a.b]. [a, ], [b. c]})

Table 5.3: These rules refer to the example in Figure 4.8. We omitted the rules concerning
certainly-absent edges.

5.2.2 Condition Graph

The rules can be further simplified by the procedures presented in this section. The relation-
ships among the rules have thus to be considered in more detail. This can be achieved by
employing a meta-graph, which we call a condition graph. Each pair of variables X' = [a, b],
a,b €V, corresponds to a node in the condition graph. Hence, if a skeleton comprises n vari-
ables, the condition graph contains (%) nodes. The condition graph isadirected graph. Likein
aDAG, we define the parents PA (X') of anode X in the condition graph to be the set of nodes
such that there is a directed arc from each parent to X1 A condition graph is built according
to aset of rules R in such away that the parents of anode X are given by

PA(X)={Y:CR(X.E.C.I) eR, Y e EUCUT}U{Y : IR(X,E.I) e R, Y e EUT}.

This means that, if apair of variables Y is in one of the condition sets of arule CR(X,-, -, )
or IR((X,-,-) thenthereisadirected arc Y — X inthe condition graph. In contrast to DAGs,
directed cycles are allowed to be present in acondition graph. Infact, directed cycles are one of
the most interesting structuresin such agraph. Thisisillustrated in Figure 5.3: in the condition
graph (1), thearc [b, ¢] — [a, ¢] indicates that the edge a ~ ¢ can only be absent in the minimal
skeleton if the edge b ~ ¢ is present. Since the later is certainly absent in the example shown
in Figure 4.4, the edge a ~ ¢ has to be present according to the rules. In the condition graphs
(I1) and (111) in Figure 5.3, the directed cycles indicate that the presence of the involved edges
depends on each other: in (I1), either one of the edgesa ~ ¢ or b ~ ¢ has to be present in the
minimal skeletons (cf. also Figure 4.5), whereasin (111) either the single edge a ~ b or both the
edges c ~ d and b ~ ¢ have to be present (cf. also Figure 4.8). This shows that directed cycles
are related to uncertainty regarding the presence of edges in minimal skeletons (cf. Section
4.3.1).

YFor clarity, we use " variable” and ”edge” in skeletons, whereas "node” and ”arc” refer to the condition graph.
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w0

(1) (n (1)

Figure 5.3: The condition graphs (1), (I1) and (I11) correspond to the simplified rules in the
Tables 5.1, 5.2 and 5.3, respectively. Only the relevant nodes are shown.

s

With this definition of the condition graph, we can now further simplify the set of rules .
First, let us focus on the condition set I of arule CR(X,E, C,I) or IR(X, E,I). The genera
procedure is to cycle through the following three steps until no more simplification can be
achieved:

(i) build up the condition graph according to the current set of rules,
(ii) choosearueCR(X,E,C.I)or IR(X,E.I)andaY €1,

(iii) if the condition graph does not exhibit a directed cycle involving the edge Y — X then
the rule chosenin (i:) can besimplified to CR(X, E,C,I\{Y }) or IR(X.E,I\{Y'}),
respectively.

The idea is that the absence of a directed cycle involving the edge Y — X indicates the
presence of an si-path SI(Y,{X}) in all the minimal skeletons. Besides the condition set I,
aso the condition set C can be simplified. However, this is only possible under additional
restrictions, because the sc-path is more specific than the si-path. This can be achieved by
cycling through the following steps:

(i) build up the condition graph according to the current set of rules,
(ii) choosearueCR(X,E,C.,I)andaY € C,
(iii) thisrule can be simplified to CR(X, E, 0, 1) if

e the condition graph does not exhibit a directed cycle involving theedge Y — X,
and

e therulesregarding Y and al its ancestors AN (Y') are dl c-rules.

In a condition graph, let the ancestors AN(Y') of a node Y be defined to contain al those
Z € AN(Y') such that thereisadirected path Z — - -- — Y. In this procedure, the additional
restriction on Y and AN(Y") ensures that the paths between y and = (Y = [y, z]) are sc-paths
rather than si-paths in aminimal skeleton. The absence of acycleinvolving Y — X indicates,
like above, that there is an sc-path SC(Y, {X}), as required by Definition 4.13. The simpli-
fication of CR(X,E,C,I) to CR(X,E,(,I) is aconsequence of the fact that the presence
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.
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Figure 5.4: The presence or absence of theedgesa ~ b, ¢ ~ d and ¢ ~ e isnot clear initidly.

of at least one sc-path is required (cf. Definition 4.13). We note that chances to ssimplify the
condition set C are very limited in general. This is because i-rules are also contained in R in
general. The set of edges E can only be simplified if thereisaY = [y, z] € E corresponding
to a certainly-present edge y ~ z. Indeed, the set E is simplified this way by procedure (i) in
the previous section. Hence, the condition graph does not yield an additional simplification of
the set E. Therefore, one can expect that only the condition set I of arule CR(X, E, C,I) or
IR(X,E,I) can be further smplified in many cases.

This isillustrated in the following example (cf. Figure 5.4). Assume that the edges a ~ ¢,
b~ dandd ~ e are certainly present, whereastheedgesa ~ d,a ~ e, b ~ cand b ~ e are
certainly absent. Moreover, let al the relative scores concerning the edgesa ~ b, ¢ ~ d and
¢ ~ e be positive, except for the scores g(a,b, {c}) < 0, g(a,b,{d}) < 0, g(c¢,d,{e}) < 0
and g(c, e, {d}) < 0. Therelative scoring function ¢ is assumed to be score equivalent. Let us
focus on the presence or absence of the edgesa ~ b, ¢ ~ d and ¢ ~ e in the following. First,
the scores are trandated into the corresponding rules (cf. Section 5.1). Second, with the help
of the certainly-present and certainly-absent edges, the rules can be simplified as described in
the previous section. The results are shown in Table 5.4. It is obvious that the edges ¢ ~ d
and ¢ ~ e cannot be absent simultaneously in aminimal skeleton. However, it is not apparent

rules generated according to the scores simplified rules
CR([a.b].{[a. c]}.{[b. ]}, {[b. c]}) CR([a 0], 0, {[b. c]}.0)
‘R([a, 0], {[b. ]}, {[a. c]}. {[a, c]}) CR([a,b]. {[b.c]}. 0, 0)
R([a, b],{[b. d]}. {[a. d]},{[a,d]}) CR([a,b]. 0,{[a,d]}.0)
CR([a,b].{[a.d]}, {[b.d]}, {[b,d]}) ([[ 0.0)
[

a,b], {[a. dl},
IR([a,0],{[a,c].[b,d]}.{[a.d). [b. c].[c.d]}) | 1R([a,b],0. {[c, d]})
IR([a, 0], {[a,d], [b;c]}, {[a; ] [b, ], [e;d]}) | TR([a, 0], {[a,d], [b; c]}, {[e, d]})
CR([e, d].{[d; e]}, {[c, e}, {[c, e]}) CR([c,d], 0, {[c, e]}, {[c, e]})
CR([e, d], {[e, el}s {[d, e} {[ds €]}) CR([e,d],{[c, €]}, 0, 0)
CR([e, €], {[d, €]}, {[e, ]}, {[e, d]}) CR([c, ], 0.{[c,d]}, {[c.d]})
CR([e,e], {[e, dl}, {[d, €]} {[d; e]}) CR([c.e],{[c.d]},0,0)

Table 5.4: The rules before and after their simplification. The rules of certainly-absent edges
are omitted.
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Figure 5.5: The condition graph built according to the simplified rules given in Table 5.4 (only
the relevant nodes are shown).

from the simplified rules whether the edge a ~ b has to be present. Let us hence consider
the condition graph corresponding to the simplified rules. As described above, the parents of
the nodes [a, b],[c, d] and [c, ¢] are given by PA([a,b]) = {[b, ], [a,d],[c,d]}, PA([c,d]) =

{[c.e]} and PA([c,e]) = {[c,d]}, respectively. The resulting condition graph is shown in
Figure 5.5. It exhibits a directed cycle involving the nodes [c, d] and [c, ¢]. In this example,
the directed cycle is due to the fact that either one of the edgesc ~ d or ¢ ~ ¢ has to be
present in the minimal skeletons. In contrast, none of the arcs pointing towards [, b] isinvolved
in a directed cycle. Thisimplies that the si-paths SI([a.d].{[a.b]}), SI([b,¢c],{[a,b]}) and
S1([e,d], {[a,b]}) have to be present in all the minimal skeletons. According to the definition
of an si-path (cf. Section 4.3), the three pairs [a, d], [b, ¢] and [, d] can thus be removed from
the condition sets I of the rules regarding [«, b]. Sincethereisonly [¢, d] in these condition sets
I (cf. Table 5.4), [a,d] and [b, ¢] do not lead to a simplification. For this reason, only the rules
IR([a,1].0. {[c.d]}) and IR([a.b], {[a,d], b, c]}. {[e.d]}) can be reduced to IR([a.b].0,0)

and IR([a.b], {[a.d], [b, ]}, D), respectively (cf. Table 5.4). Thissimplification corresponds to
the above procedure employing the condition graph. The simplified rule IR([a, b], 0, 0) reveals
that the edge a ~ b is definitely absent, leading to the minimal skeletons and to the condition
graph shown in Figure 5.6.

1

AR
- :

(b]

Figure 5.6: By means of the condition graph, it could be determined that the edge a ~ b
is definitely absent in the (two) minimal skeletons (left), which are summarized in the graph
shown in the center. The simplified condition graph, which splits into two disconnected parts,
is depicted on the right.
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5.2.3 Reducing the Number of Rules

Besides simplifying the condition sets, also the number of rules can be reduced. Since an
edge is absent from a minimal skeleton if at least one rule is fulfilled, a complex rule which
contains a simpler one can be removed from the set of rules ®. This is because the smpler
rule is always fulfilled when the more complex one is satisfied. This leads immediately to the
following simplifications:

(I) if CR(X, El,(Z),Il), CR(X, EQ,CQ,IQ) € R such that E; C Ey and I; ClI then
remove the latter rule from X,

(II) if CR(X El,@,Il), IR(X,Ez,IQ) € R such that E; CEy and I; Cl, then eliminate
the latter one from R,

(iii) if IR(X,Eq1,1;), IR(X,E2,I5) € Rsuchthat E; C Ey and I; C I then exclude the
latter one from K.

Regarding (i), it isimportant that the simpler rule has an empty set C of sc-paths, indicating
that the required sc-path has aready been induced to be present. Hence, an additional sc-path
among the candidates in the possibly larger set G, need not be found. In (ii), the empty set
C = () implies again that an sc-path has already been found. Note aso that the c-rule and
the i-rule cannot be interchanged in (ii), since the sc-path is more specific than the si-path.
Of course, these three procedures can be extended in various ways, as they are apparently
necessary conditions for finding minimal skeletons. It is obvious that the set of rules before
and after applying (i) through (iii) yields the same minimal skeletons.

For illustration, let us reconsider the simplistic example in the Figures 5.1 and 5.2. However,
let also the score g(a, d, {b, c}) be negative, besides g(a, d, {c}). Then the former entails the
rule CR([a,d]. {[a,b],[a, ]}, {[b.d]. [c,d]}.{[b,c],[b.d],[c.d]}). Since the rule concerning
gla,d,{c}) < 0 can be simplified to C'R([a,d],?,0,0) the former rule obviously contains
the simplified one , and the more complex rule can hence be removed from the set of rules i
according to (i).

Note that, once a c-rule regarding an edge X has been completely simplified, i.e. it is of the
kind CR(X,0,0,0), then all other rules, i.e. c-rules and i-rules, concerning this edge can
be removed. In contrast, solely the i-rules regarding an edge X can be eliminated from
in general after thei-rule IR(X, (), ) has been induced, as an si-path is less specific than an
sc-path. This is, however, only relevant when X appears in the condition sets of other rules,
i.e. when arcs point away from the node X in the condition graph. This suggests a further
smplification: if thereisani-rule IR(X, ), (), and if the node X ispurely endogenous, i.e. no
arcs point away from it, then all other rules concerning the edge X, including the c-rules, can
be removed from the set of rules R. In the example shown in Figure 5.6, the condition graph
simplifies to the onein Figure 5.7.
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Figure 5.7: Due to the i-rule IR([a,b],0,0), all the arcs pointing to the purely endogenous
node [a, b] can be removed from the condition graph.

5.3 Ambiguous Regions and Summary Graph

The previous section was concerned with inducing (most of) the edges which are absent in all
the minimal skeletons, i.e. definitely-absent edges. In the following, we focus on the remain-
ing edges X, namely the ones for which the steps described so far did not yield a completely
simplified rule. The am is to find out whether such an edge X is absent or present in a mini-
mal skeleton. The crucia difference between such an edge and a definitely-absent one is that
the former might be present in some of the minimal skeletons while absent in some others,
whereas the latter edges are absent in all the minimal skeletons. Let us designate such edges as
ambiguous edges. For example (cf. Figure 4.8), theedge b ~ ¢ isdefinitely absent, whereas the
ambiguous edgesa ~ d, b ~ d and ¢ ~ d are present in either one of the minimal skeletons.

When there is more than one minimal skeleton complying with the necessary path condition (cf.
Proposition 4.12), the various graphs differ in the presence of some ambiguous edges. Hence,
ambiguous edges play a crucia role in model uncertainty regarding the presence of edges.
In order to get an overview of the possible structures of the different skeletons, the ambigu-
ous edges and the certainly-present ones can be depicted in a single graph. Let such a graph
be named summary graph, because it summarizes the possible structures of all the induced
skeletons. In a summary graph, solid lines indicate edges which are certainly present, while
ambiguous edges are denoted in different line styles. Missing edges correspond to definitely-
absent ones. All the induced skeletons contain the edges found to be certainly-present, while
they differ regarding the ambiguous edges. Summary graphs have aready been used in the
Figures 4.5, 4.7 and 5.6, where their meaning was intuitively clear. We have first published this
concept of visualizing model uncertainty by means of asingle graph in [144]. Subsequently, it
was also used in the PRONEL project [120] and in [85]. In the latter, uncertainty regarding the
presence of certain structures was calculated by Bayesian model-averaging. Although this is
straightforward from atheoretical point of view, it is computationally very involved in general.

In Figure 5.8 (1), a summary graph with 10 variables is shown. In this simplistic example,
we have essentially combined the Figures 4.4, 4.5 and 4.8 into one graph so that the reader is
already familiar with the individual parts. The condition graph looks like in Figure 5.9, and the
rules concerning the ambiguous edges are understood to be anal ogous to the previous exampl es.
The relations among the rules, as shown in the condition graph in Figure 5.9, reveal that the
presence of the ambiguous edges ¢ ~ v and u ~ v can depend on each other. However, the
presence of the latter edges isindependent of the presence of the ambiguous edgesw ~ z, z ~
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Figure 5.8: The summary graph of a simplistic domain with 10 variables at different stages of
simplification: (1) preliminary, (11) minimal, and (111) parsimonious summary graph.

z and y ~ z. Thissuggests to collect all the edges whose presence can depend on each other in
the same set, which we call an ambiguous region. Besides the cyclesin the condition graph, the
connected components are hence very important. A connected component comprises all those
nodes which are connected with one another by an undirected path when the directions of the
edges are ignored. Hence, the presence of edges belonging to different ambiguous regions
is by definition independent of each other. Particularly in skeletons involving a reasonably
large number of variables, we found ambiguous regions to occur very often in our computer
experiments (cf. the Sections 5.6 and 6.3). Ambiguous edges bel onging to the same ambiguous
region are shown in the same line-style in the summary graph. Figure 5.8 (I1) depicts three
ambiguous regions, namely the first one contains the single edge a« ~ ¢, the second region
comprises the edges t ~ v and u ~ v, and the third oneismade up of theedgesw ~ z,xz ~ =
andy ~ z.

The independence of different ambiguous regions has two important consequences. First, a
summary graph can be understood more easily than a list of al the induced skeletons. This
is because the induced skeletons are identical regarding the definitely-present edges, and they
differ concerning the ambiguous edges only. Additionally, the independence of different am-
biguous regions helpsin understanding the variability of the graph. However, the various struc-
tures present in each ambiguous region can not be read off asummary graph. For instance, the
summary graph in Figure 5.8 (1) does not indicate that the minimal structures in the rightmost
ambiguous region involve either the edge w ~ z or boththe edgesz ~ z and y ~ z. This
information can in parts be read off the condition graph, or it can be given, for instance, by enu-
merating the different minimal structures in each ambiguous region. In the PRONEL project,
this information could be explored interactively by the user [120]. Second, the independence
of different ambiguous regions reduces the computational effort considerably, as it allows to
search for the various structures separately in each ambiguous region. All the different min-
imal skeletons can eventually be obtained by combining the different structures found in the
various ambiguous regions. Summing up, even alarge number of different minimal skeletons
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Q

Figure 5.9: The condition graph shows the relations among the rules in the simplistic domain
depicted in Figure 5.8.

can efficiently be computed due to the independence of the ambiguous regions, and they can
all be visualized in asingle summary graph.

5.3.1 Definitions

Having motivated the concept of ambiguous regions in the summary graph, let us now define
a preliminary ambiguous region. It is based on a set of rules ® simplified by the procedures
described in the previous sections. A preliminary ambiguous region isthe set A of all nodes X
which belong to the same connected component in the condition graph. Let two nodes belong
to the same connected component in a directed graph if there is a path between them in the
undirected version of that graph. Since different ambiguous regions are not connected in the
condition graph by definition, they are independent. The set of rules R can hence be divided
into subsets of rules R where each of which corresponds to a different anbiguous region A;.
Hence, only the presence of the edges involved in the same region can depend on each other.

According to this definition, a preliminary ambiguous region can contain also definitely-absent
edges, besides ambiguous ones. A preliminary ambiguous region thus comprises al the edges
whose presence might depend on each other in the minimal skeletons. In other words, it can
also comprise edges which are not present in any minimal skeleton. In Figure 5.9, for example,
the preliminary condition graph exhibits three preliminary ambiguous regions. The left one
contains the edges a ~ ¢ and b ~ ¢ according to the condition graph in Figure 5.9, although
the edge b ~ ¢ isdefinitely absent, as sketched in Figure 4.8. The preliminary summary graph
isshown in Figure 5.8 (1).

A minimal ambiguous region comprises only those edges of a preliminary ambiguous region
which are actually present in at least one of the minimal skeletons. A summary graph is
minimal if it displays the minimal ambiguous regions. On the left hand side in Figure 5.8 (I1),
the minimal ambiguous region does not involve the edge b ~ ¢, as it is definitely absent. It
solely contains the edge a ~ ¢. Since this edgeis present in all the minimal skeletons, we also
call it a definitely-present edge.

When applying the heuristics of parsimony (cf. Section 4.3.5), an ambiguous region might be
reduced even further, leading to a parsimonious ambiguous region. Such an ambiguous region
solely comprises the edges present in parsimonious skeletons, as defined in Section 4.3.5. This
is illustrated in the ambiguous region on the right hand side in Figure 5.8 (l11), where the
minimal skeletons contain either the single edge w ~ = or both theedgesw ~ z and w ~ y
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(cf. also Figure 4.8). Only the edge w ~ = is, however, present in aparsimonious skeleton, and
is hence present in the parsimonious ambiguous region shown in Figure 5.8 (I11). In genera, a
parsimonious summary graph can be considerably simpler than apreliminary one. Thisisalso
confirmed by the experiments in Section 5.6.2, in particular in the Figures 5.17 and 5.18. This
suggests to present the parsimonious summary graph to the user, rather than the preliminary
one, since the latter tends to contain larger ambiguous regions, rendering the interpretation
more difficult.

5.3.2 Search within each Ambiguous Region

After the different preliminary ambiguous regions have been determined, each of which can
be considered separately due to their mutual independence. As a consequence, the complexity
of determining the minimal skeletons is greatly reduced. In each of the ambiguous regions
A;, the subset of rules ﬂ%ﬁ determines the different structures present in minimal skeletons. In
generd, it istoo involved to read the structures of the minimal skeletons directly off the subset
of rules. The following exact and approximate search strategies can be applied to find the
different minimal or parsimonious structures also in the case of quite large ambiguous regions.

A minimal or parsimonious structure in an ambiguous region A; is a set of present edges such
that for each absent edge X € A; aruleisfulfilled in R*. Additionaly, this set of edges has
to beminimal or parsimonious in the sense outlined in the Sections 4.3.4 and 4.3.5. Once these
structures are known, the minimal or parsimonious skeletons can be constructed immediately
by merging the minimal or parsimonious structures of the different ambiguous regions in all
possible combinations. The number of induced skeletons is hence given by the product of the
numbers of minimal or parsimonious structures found in each of the independent ambiguous
regions.

Exact Search for Parsimonious Structures

If an ambiguous region is reasonably small, it is feasible to search for all the minimal or
parsimonious structures. Since a preliminary ambiguous region corresponds to a connected
component in the condition graph, it can contain nodes X which are not part of a directed
cycle in the condition graph. This suggests a pre-processing step which further simplifies an
ambiguous region before the minimal or parsimonious structures are actually determined. This
can be achieved by repeatedly applying the following scheme until no further simplification is
possible.

If a purely exogenous node X = [z, y], i.e. anode from which all the arcs point away in the
condition graph, corresponds to a definitely-absent edge = ~ y in the skeleton then
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(i) remove dll therulesCR(Y,E,C,I), IR(Y,C,I) where X € E or X € C from the set
of rules,

(if) smplify the set of rules by the procedures described in Section 5.2, and

(iii) build a condition graph according to the new set of rules.

In step (i), this scheme removes those rules which cannot be satisfied in any case. Thisleadsto
asimplified set of rules which might then be further reduced in step (ii). Since the removal of
rulesfrom R4 entails the elimination of edges from the condition graph, apreviously connected
component might split up into different smaller connected components. One can look at each of
the smaller connected components as a new ambiguous region, and each of which can then be
simplified separately. This renders particularly efficient computations possible. When edges
are removed in step (i), it might turn out that al the rules CR(Y,E,C,I) and IR(Y,C,I)

corresponding to an edge Y have been removed. Thisimplies that such an edge Y ispresent in
al the minimal skeletons, like a certainly-present edge. It is called adefinitely-present edge. A
definitely-present edgeinduced in step (i) canimply the presence of some sc-paths and si-paths.
Subsequently, this can lead to considerable simplifications of the set of rulesin step (ii).

Thisisillustrated in the connected component in Figure 5.10 (1), where it is assumed that the
nodes S and X correspond to definitely-absent edges in the minimal skeletons: step (i) of the
above scheme removes those rules which entail the elimination of thearcsS — X and S — T
in the condition graph. This splits the connected component into two smaller ones. Because
T is not related to a definitely-absent edge in the skeleton, al the rules CR(T, E, C,I) and
IR(T,C,I) can be removed in step (ii). This entails that the edge 7' has to be definitely
present in the skeleton. Moreover, the rules CR(U. E, C,I) and IR(U, C,I) regarding the
edge U can now be simplified, namely when T € E, T € C or T € 1. Thisentails at least the
arc T — U to be removed from the condition graph (cf. Figure 5.10 (I1)). In the second cycle,
the above scheme can now be applied to the purely exogenous node X which is assumed to
correspond to a definitely-absent edge in this example. At least the arc X — Y can thus be
eliminated from the condition graph. Finally, two ambiguous regions are obtained which are
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Figure 5.10: A simplistic example of a connected component which can be further simplified.
(1) depicts the origina component, (1) and (111) sketch the simplifications achieved after one
and two cycles, respectively.
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considerably smaller than the original one (cf. Figure 5.10 (111)), and the edge T isfound to be
definitely present.

After this ssmplification, the algorithm may carry out exhaustive search to find the various
minimal or parsimonious structures. In an ambiguous region involving r edges, there are 2
different structures to be checked for their compliance with the subset of rules #*. For each
structure, this can, for instance, be checked by using a copy ®* of the subset R4 as follows:
the edges being present in this structure are considered to be definitely present, i.e. al the
c-rules and i-rules concerning these edges are removed from R*. The structure complies with
therulesif R2 can be simplified by the procedures described in Section 5.2 such that, for each
absent edges Y, arule can completely bereduced. Among al the structures complying with the
subset of rules R4, the minimal ones are then given by the ones which do not contain another
structure fulfilling the rules.

When the heuristics of parsimony isapplied, the complexity of search strategies can be reduced.
The concept of parsimony was introduced in Section 4.3.5. All the possible structures can be
checked in ascending order &k = 0, ..., regarding the number of edges being present. Once
a structure containing k, edges is found to comply with the subset of rules R*, the structures
corresponding to higher orders & > k, need not be checked any more. The number of different
structures which have to be considered at each order % equals(z). Hence, the complexity of
finding all the parsimonious structures in an ambiguous region is bound by O (i), where ky,

denotes the number of edges in a parsimonious structure fulfilling the rules. In particular, if
the number of edges %, is quite small, this procedure is tractable even for reasonably large
values of . For instance, in our alarm network experiments in Section 5.6.2, we alowed for
preliminary ambiguous regions with up to » = 15 edges, as k, = 2 occurred to be very small.

Approximate Search for Parsimonious Structures

In the case of very large ambiguous regions where the above search strategies areinfeasible, we
found the following approximations very effective. The aim isto simplify the subset of rules of
alarge ambiguous region such that the latter is likely to split up into, possibly several, smaller
regions. Due to their mutual independence, the minimal structures can then be determined
separately in each of the smaller regions. This can considerably reduce the complexity of the
search. As an aternative to simplifying large ambiguous regions approximately, a less strict
variant of the necessary path condition might be applied. Thistendsto yield smaller ambiguous
regions, and exact search might be tractable (cf. the experiments in Section 5.6.2, in particular
Figure 5.25).

Let us describe two heuristics for approximately reducing a large connected component in the
condition graph. They are both applicable when a node X with alarge number of parents is
present in a connected component. There are two disparate causes for such a large number of
parents.

First, thesimplified rules CR(X, E, C,I) and IR(X, E, I) can have condition sets E, C and I
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with many different pairs of variables. The absence of the edge X can thus regquire many other
edges, sc-paths and si-paths to be present in the skeleton. On the other hand, all these edges and
paths need not be present if the edge X is present. Applying the heuristics of parsimony, one
might hence favor the presence of the single edge X. In other words, acomplex ruleisunlikely
to be fulfilled in a parsimonious skeleton. This suggests the heuristic approach of removing
involved rules from the set R4, while only the simpler rules concerning each edge X remain
in the set "2 . Hence, if one of the simpler rules s fulfilled then the edge X is absent from the
induced skeleton. In case that al rules concerning an edge X have been removed due to their
complexity, the edge X becomes definitely-present in theinduced skeletons. A consequence of
heuristically removing complex rules from R* is that the skeletons eventually induced might
contain a few edges additional to the (unknown) parsimonious skeletons complying with the
original set of rules. In the algorithm, athreshold value for the maximal number of elementsin
the sets E, C and I has thus to be chosen carefully.

Note that asimplified rule comprising large condition sets can only origin from arelative score
g(z,z,8) < 0 with alarge set S. Such a score is thus ignored when the corresponding rule
is removed by this heuristics. Since independence tests of high orders in S are usually quite
unreliable, this might be a reasonable approach. However, all rules stemming from arelative
score g(x,z,S) < 0 with alarge set S may not be removed by this heuristics, as a complex
rule might simplify considerably.

Second, in the condition graph, a large number of parents of a node X can aso be caused
by alarge number of different rules CR(X, E, C,I) and IR(X, E,I). Unlike in the former
case, each of the condition sets might be quite small. When there is a large number of quite
simple rules concerning the same edge, it can be expected that one of which may be fulfilled
by chance. This suggests the heuristics of considering such an edge to be definitely absent
from the skeleton, and of removing the rules concerning the edge X from ®*. Moreover, the
rules CR(X,0,0,0) and TR(X, 0, () are inserted into R* so that the edge X is treated like
a definitely-absent one in the subsequent steps, i.e. the inserted rules imply that there is an
sc-path as well as an si-path assumed to be present. In the subsequent steps, a considerable
simplification of R4 can hence be expected. It is obvious that this heuristics can eventually
lead to skeletons containing fewer edges than the (unknown) minimal or parsimonious ones
obeying the original set of rules . As noted in Section 4.3.4, minimal skeletons tend to
contain asmaller number of edges than optimal DAGs. For this reason, the qualitative property
of the induced skeletons is retained by this heuristics, namely that the found skeletons contain
fewer edges than the optimal ones.

Let usalso look at these two heuristics from the point of inducing the perfect map. In the first
heuristics, if all the ssmplified rules concerning an edge X = [z, z] are quite complex, then
there have to exist many different paths between = and =, and each of which has to be blocked
in order to achieve a d-separation of the two variables. In contrast, if there is alarge number of
simple rules regarding an edge X = [x, z], then there have to be long paths between x and .
Thisis because many different variables can be chosen to block the paths such that d-separation
occurs. These considerations help choose reasonable threshold values in these heuristics.
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Finally, let us mention athird heuristics applying to definitely-absent edges involved in prelim-
inary ambiguous regions. when an i-rule regarding a definitely-absent edge X = [«, z] could
be reduced completely, none of the c-rules regarding such an edge need be completely sim-
plified. This suggests a heuristic simplification, namely to remove all c-rules CR(X, E, C,I)
once the i-rule TR(X,(,}) has been induced. Additionaly, the completely reduced c-rule
CR(X,0,0,0) might be inserted into the set of rules R*, like in the second heuristics. This
ensures that the resulting skeletons cannot contain more edges than the minimal ones comply-
ing with the original set of rules.

A variant of these heuristics is based on two necessary si-paths, astrict one and aless rigorous
one. Since the ambiguous regions due to a less rigorous necessary si-path condition can be
expected to be quite small, an exact search for the minimal structures is usually tractable. The
edges found to be present can then be used for searching in a, possibly large, ambiguous region
due to the stricter necessary si-path condition: in such an ambiguous region, those edges can
be considered as definitely present which were found to be present in a parsimonious skeleton
obeying the less strict necessary si-path condition. In the worst case, however, there can be
as many different choices for these edges as there are parsimonious skeletons according to
the less rigorous condition. Thus, this heuristics becomes infeasible when the less strict si-
path condition yields too many parsimonious skeletons. However, if it was tractable in our
experiments, it lead to better results than obtained by means of the other approximate search
strategies in this section.

5.4 Computing the Scores

This section focuses on computing the relative scores required by the above procedures for
constructing the skeletons. Computing the relative scores can be very time-consuming: par-
ticularly in the case of discrete variables, in many experiments [23, 24] more than 90% of
the overall computation time was necessary for computing the scores, whereas only a small
fraction of the time was required by the above scheme for computing the, possibly different,
skeletons (see also Section 5.5). Therefore, a great deal of computation time can be saved by
computing the scores efficiently as well as by skipping the evaluation of those scores which are
not required by the learning algorithm for determining the network structure.

5.4.1 Representation of the Data

Computations can be accelerated by choosing an appropriate representation of the sufficient
statistics implied by the data. In the case of a multinomial distribution for discrete variables, a
sufficient statistics is given by the cell counts of the different configurations in the contingency
table. Concerning domains with Gaussian-distributed variables, the correlation matrix provides
a sufficient statistics for calculating the scores. In domains involving a large number of dis-
crete variables, the contingency table with the cell counts of all the joint states is usualy many
orders of magnitude lager than computers can currently fit into their memories. Consequently,
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a straightforward solution is to keep the cases of the data set itself in the memory. Hence,
the computation of a score entails to cycle through the cases of the data set and to count the
occurrences of the different configurations of the variables in the subset of interest. The com-
plexity of this procedure increases linearly in the number of cases in the data set. Of course,
more sophisticated representations can often be chosen. For instance, in the software pack-
age CoCo [5], the representation is chosen dependent on the number of variables in adomain.
Further techniques are described in [29].

5.4.2 Indirect Evaluation

When a score is calculated from given data, computing the cell counts is the most time-
consuming task in general. However, many relative scores need not be computed directly
from the data, because all the scores are not independent of each other. Thiswas already men-
tioned in Section 3.1, in particular see the Equations 3.1.6 and 3.1.9. The former equation can
be applied to al relative scoring functions ¢, while the latter leads to an additional speed-up
when the used scoring function is score equivalent. When a score is computed from other
scores according to these equations, it is called an indirect evaluation of that score. Efficient
computation can be achieved by processing the relative scores in ascending order. The order
of arelative score g(a,b,S) is given by the number of variablesintheset S C V \ {a,b},
denoted as |S|. This means that all the scores with S = () are computed first, then al the scores
involving sets S with one variable, after that with two variables, and so on.

Without applying any of the two Equations 3.1.6 and 3.1.9, in a domain with » variables the
number of all relative scoresis given by

Thisisbecause the relative score g(a, b, S) hasthree arguments, namely the two variables a and
b, which cannot be swapped in general, aswell asaset S C V\ {a,b}. Thisyieldsimmediately
the expression in the center of Equation 5.4.1. The sum of binomial coefficients simplifies in
the well-known manner. Thefirst expression in Equation 5.4.1 follows from first choosing a set
U C vV with at least two elements and subsequently selecting the distinct variables a and b from
U sothat S isdetermined by ¢/ \ {a,b}. The interdependencies of the relative scores according
to Equation 3.1.6 reduce the number of independent scores, which have to be computed directly
from the data, to

zn: 1 (:L) =n2" 1 —n. (5.4.2)

i=2

This holds both for score-equivalent as well as for non-score-equivalent scoring-functions.
Once a relative score g(a.b,U \ {a,b}) has been computed, the score g(a,c,U \ {a,c}) is
given by Equation 3.1.6 for al ¢ € U \ {a}. A necessary requirement is, of course, that the
scores g(x,y, S) of the lower orders |S| < |/ \ {a.b}| are known. Thisis the case when the
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scores are evaluated in ascending order of S. Hence, regarding each subset &/ C V with at
least two variables, only |U/| scores are independent of each other, and have to be computed
directly from the data. Thisleadsto Equation 5.4.2. If the scoring function is score-equivalent,
Equation 3.1.9 entails an additional decrease in the number of independent scores. only

Zn: (?) =2"—n-1 (5.4.3)

=2

different scores have to be computed directly form the data. This is because Equation 3.1.9
yields the relative scores g(a,b,U \ {a,b}) for dl a,b € & C V. The only requirement is the
knowledge of a single score g(x, y,U \ {x,y}) for some x,y € U and of the scores of |ower
orders.

In domains with discrete variables, the computational effort for the indirect evaluation of a
score is essentially negligible compared to the one required for computing the cell counts. The
Equations 5.4.1 and 5.4.2 indicate hence that the computation time can be reduced by a factor
of about n/2 when al the relative scores are evaluated. Regarding a score-equivalent scoring-
function, this factor is even larger, namely about »? /4 (cf. Equations 5.4.1 and 5.4.3). Since
the overall effort grows exponentially with r, the computation of all the scoresisonly feasible
in domains with arather small number of variables. Domains with alarge number of variables
require some (heuristic) simplifications. usually one resorts to the computation of scores of
low orders only [142]. Also in this case, the Equations 3.1.6 and 3.1.9 can be exploited when
the relative scores are evaluated in ascending order. When all scores g(a, b, S) of agiven order
r = |S| are computed, the number of scores evaluated directly from the data can be reduced by
afactor of r + 1 (cf. the terms within the sumsin the Equation 5.4.1 and 5.4.2). This holds for
any relative scoring function. Moreover, if the scoring function is score-equivalent, this factor
amountsto (r +2)(r+ 1) (seethe Equations 5.4.1 and 5.4.3). Hence, the computation time can
often be reduced by an order of magnitude. The storage of the computed scores of low orders
was not a problem in our computer experiments.

Finaly, let us briefly consider the number of independent terms involved in a decomposable
absolute scoring function f. Its decomposability entails that for each variable v € V and its
parentspa(v) aterm f,(v | pa(v)) hasto be computed. The number of these terms, which have
to be computed directly from the data, is given by

n—1

Z n <n 7_ 1) =n2"" ! = Zn: i <7:> . (5.4.9)

=0 =1

If the scoring function is score equivalent, the number of independent terms is considerably
smaller than in Equation 5.4.4. Due to the relation specified in Equation 3.1.11, only a single
term f,(a|U \ {a}), a € U, hasto be computed directly from the data for each subset &/ C V
with aleast one variable. Then theterms f,(b |4 \ {b}) can be evaluated by means of Equation
3.1.11 for al b € U given the scores of lower orders. Hence, the number of independent terms
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is given by

Xn: (’Z) —9n 1. (5.4.5)

i=1

The Equations 5.4.4 and 5.4.5 correspond to the Equations 5.4.2 and 5.4.3 concerning relative
scoring functions. Apparently, n additional terms have to be computed for the absolute scoring
function. The reason is that the absolute scoring function involves an additional independent
term concerning each of the n variables in the Bayesian network. This gives rise to an addi-
tional absolute score, for instance the score of the empty DAG f(mempty) = ey fo(v D),
which is often a meaningless constant in Equation 3.1.7. Such a term does not occur in a
relative scoring function, as the latter is the difference of absolute scoring functions.

5.4.3 Reducing the Number of Computed Scores

Instead of first computing al the scores and then finding the skeletons, one can also aternate
between these two procedures. As a benefit, the number of the scores actually computed can
be reduced considerably when reasonable heuristics are employed. The ideais that the graph
induced at some intermediate stage of the learning process can help decide which scores are
worth being computed next. Typically, one chooses such scores which can be expected to have
an impact on the induced network structures. Popular heuristics require the relative scores to
be computed in ascending order. In the PC algorithm, the intermediate graph is updated each
time a conditional independence is found [142]. We propose to update such an intermediate
graph only at the end of each round, i.e. after the computation of the scores of a fixed order
is completed. As an advantage, the proposed scheme is independent of the sequence in which
the algorithm proceeds through the variables. A drawback is, however, that it might entail the
computation of alarger number of scores than the PC agorithm.

Typicaly, such heuristics only compute those scores g(a, b, S) which are related to an edge
a ~ b present in the intermediate graph [142]. Moreover, only these scores g(a,b,S) are
considered where S C ne(a) \ {b}, with ne(a) denoting the neighbors of « in the intermediate
graph. This heuristics is motivated by the fact that S has to be (a subset of) the parents of «
(see also Section 3.1.2). Thisrestriction on S results in a considerable reduction in the number
of scores which have to be computed, and hence saves alot of computation time. In [23, 24],
another heuristics isused. It isbased on the tree construction agorithm by Chow and Liu [32].

Because the summary graph (cf. Section 5.3) serves asthe intermediate graph in our algorithm,
let us consider the evolution of such an intermediate graph in more detail. Two important issues
are pointed out in the following. The first one is illustrated in the example shown in Figure
5.11. Assume that, after the round of zeroth order, the summary graph looks like the [eft onein
Figure 5.11. In the round concerned with the scores of first order, let the following scores by
negative: g(a,b,{e}), gla,e,{z}), g(a,e,{y}), g(b,e,{c}), and g(b, e, {d}). This causes the
edgesa ~ b, a ~ e and b ~ e to become ambiguous edges in the preliminary summary graph.
In the round of second order, assume the scores g(a, b, {c¢,d}) < 0 and g(a,b,{x,y}) < 0
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are found. As a conseguence, the edge a ~ b becomes definitely absent in the intermediate
summary graph, and so do the edgesa ~ ¢ and b ~ e. This shows that it isimportant to keep
on computing scores regarding ambiguous edges, although scores favoring the absence of such
an edges have aready been found in earlier rounds.

Figure 5.11: In this simplistic example, the summary graphs based on the scores up to zeroth,
first and second order are shown from left to right.

The second important issue is that, although an edge is absent from the intermediate graph at
the current round, this edge might be present in the intermediate graph at a later round. This
is caused by ambiguous edges in the intermediate graph. Let us reconsider the example shown
in Figure 4.8. After the round concerned with scores of first order, the ambiguous edges b ~ d
and ¢ ~ d are absent from the intermediate graph, asillustrated in Figure 5.12. Conseguently,
no scores of second order are subsequently computed concerning the edgesb ~ d and ¢ ~ d.
However, these edges are present in the intermediate graph after the round of second order is
completed. Their presence indicates, however, that also scores of second (and higher) order
have to be taken into account when determining the skeletons. The learning algorithm has thus
to make up for scores whose computation was possibly skipped due to the temporary absence
of some edges from the intermediate graph.

a0 a—®
g ---\31@

Figure 5.12: This example rests on the one in Figure 4.8. The left summary graph is obtained
by taking into account the scores up to first order only, whereas the right one accounts for all
orders.

A drawback of this heurigtics is that the skeletons induced from a reduced number of scores
can contain additional edges, compared to the graphs learned from the full record of scores.
Another consequence is that the number of induced skeletons might by decreased. The reason
isthat the heuristics might prevent from computing some scores g(a,b, S) < 0 which possibly
imply the absence of an edge a« ~ b. This situation arises when the set S has to contain
some variables which are not among the neighbors of a or b, because the required edges have
already been removed in a previous round due to other scores. Chances for this to happen can
be reduced, for instance, by using a "window” for the threshold value v to which the scores
g(a,b,S) are compared: aquite large value of ~ tends to yield quite many ambiguous edgesin
the summary graph, while arather small value entails an increased number of definitely-present
edges. Combining the edges from both summary graphs reduces chances that relevant edges
are absent from the new intermediate graph.
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In our computer experiments, it occurred very rarely that an additional edge was mistakenly
present in the induced skeletons. This is usually caused by another effect: a variable a often
has more neighbors in the (undirected) intermediate graph than it would have parents in the
corresponding DAG. Hence, the intermediate graph entails the computation of scores of higher
orders than one would take into account when dealing with DAGs. Scoresinvolving high orders
can, however, favor the absence of an edge mainly because the penalty for model complexity
dominates. In order to prevent the algorithm from considering scores of unreasonably high
orders, the following heuristics appeared useful in our experiments: a score g(a,b,S) is only
computed if the number of variables adjacent to « by a definitely-present edge, but not by an
ambiguous one, is at least as large as the order of S in the current round. The variables allowed
to bein S can then be adjacent to a by adefinitely-present edges or an ambiguous one.

The heuristics which only consider such scores g(a, b, S) where S is among the neighbors of
a can be understood as a relaxed version of the necessary path condition (cf. Section 4.3.1),
as the latter also requires the variables in S to be adjacent to a. Hence, even without applying
the necessary path condition, this heuristics can be expected to lead to some improvements
regarding the induced skeleton, namely a reduction in the number of edges mistakenly absent.
This is supported by the experiments concerned with the PC and SGS algorithms [142].

5.4.4 Parallel Computing

As the scores can be computed independently of each other in each round of a given order,
this task is appropriate for parallel computing. We implemented a simple master-slave scheme,
which was very efficient in our computer experiments. The implementation was based on the
software package called Parallel Virtual Machine (PVM) [121]. The slave processes were dis-
tributed over the various computers in the local cluster. Usually, we used about ten computers.
The data was locally available in each slave process, which ensured efficient computations of
the scores. The master process was in charge of distributing the tasks from a shared queue con-
taining all the scores which had to be computed. The common queue served as asimple device
for dynamic load balancing, which was important as the local cluster was quite heterogeneous.
The results of the computations were returned to the master process upon completion. Having
computed all the scores of a fixed order, the master process had to update the intermediate
graph guiding the evaluation of the scores in the next round. As already mentioned, this task
is considerably less time consuming than computing the scores. For this reason, it was not a
bottle-neck in the master-dave scheme. Also, the time spent on message passing was rather
negligible compared to the time spent on computing the scores.

5.45 Positive Threshold Values

Relative scoring functions favor the presence of an edge if the score is positive, whereas its
absence is favored by a negative score. Consequently, the threshold value v = 0 was used
in the discussions so far. As already mentioned in Section 3.1.4, however, one may employ
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g(a,b,S) | G(a,b,S) | Evidence for the presence of edge a « b
when S = pa(a) \ {b}

0---1 1---3 not worth more than a bare mention

1---: 3---20 positive

3---5 20---150 | strong

>3 > 150 very strong

Table 5.5: Some positive threshold values and their interpretation (adapted from [93], originally
applying to the Bayes factor).

athreshold value v # 0 in practice. In particular, a positive value is often used in order to
include an edge into the graph only if it leads to a notable improvement in the absolute score.

A larger threshold value typically entails a decreased number of edges being present in the
induced skeletons. This consequence is in some sense similar to the fact that the minimal
skeletons tend to contain a smaller number of edges than the optimal graphs. Hence, a positive
threshold value usually does not affect the latter property of the induced minimal or parsi-
monious skeletons, while it leads to an improved robustness of the algorithm. A threshold
value can be interpreted in terms of evidence, as depicted in Table 5.5. The effect of different
threshold values was examined in the experiments in Section 5.6.2.

Note that the ambiguous edges are qualitatively different from the edges additionally included
into the graph when the threshold value is decreased. This is because the necessary path con-
dition yields ambiguous edges independently of the exact values of the corresponding scores
(once they are smaller than the threshold value).

5.5 Efficiency of the Algorithm

As structural learning in Bayesian networks is an NP-hard problem [14, 27, 84], heuristic ap-
proaches are necessary. However, they can be quite time-consuming, as well. The constraint-
based approach has proven to be very efficient in many experiments, e.g. [23, 24, 142]. This
holds in particular when the induced graphs are rather sparse, as this alows to determine the
graph from a reasonably small number of scores.

The computation of each score depends linearly on the number NV of casesif the record of cases
is stored in memory, as typicaly done in domains with a large number of discrete variables.
The heuristics for reducing the number of computed scores appeared to be very important for
decreasing the computational effort. As already mentioned in [142], the overall number n of
nodes in the graph as well as the maximal number of neighbors ry, of a node determine the
number of scores which have to be computed from the data. When a score-equivalent relative
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scoring-function is used, this number is bound by

nzdp: (i Z 2), (55.1)

1=0

as derived in Equation 5.4.3. It is assumed that, in the worst case, for each pair of variables
all the scores up to the order ngy;, have to be evaluated. The complexity of this scheme unfor-
tunately increases exponentially with ng,. This explains why it is particularly efficient when
the induced graphs are sparse, i.e. each node can be expected to have afew neighbors only. As
discussed in Section 1.1, a Bayesian network cannot be considered an appropriate model for
domains which require the induced DAG to be dense.

In the experiments described in the remainder of this chapter, computing the scores required
more than 90% of the overall computation time. The extension of the constraint-based ap-
proach by means of the necessary path condition, as presented in this thesis, hence entails a
rather negligible increase in computation time. Once the scores have been calculated, the par-
simonious skeletons could be induced by means of the set of rules within a few seconds. Of
course, this task depends crucialy on the size of the induced ambiguous regions. For that rea-
son, the computation time required for simplifying the rules and for inducing the parsimonious
structures varied between 1 and 10 seconds. This duration occurred to be quite independent
of the strictness of the si-path employed by the necessary path condition. Of course, also this
part can be very involved in the worst case. An exact analysis of the complexity of the various
procedures is, however, very tedious. Fortunately, the worst case usually does not occur in prac-
tice. In order to keep the computation time at some acceptable duration, involved cases have
to be tackled by approximations, described in Section 5.3. This ensures that the computation
timeis bound in practical applications. Nevertheless let us briefly consider some procedures in
more detail.

The set of rulesis simplified by repeatedly cycling through all the rules (cf. Section 5.2). Let
the number of rules, and hence the maximal length of a cycle, be denoted by /. Let r be the
maximal length of arule, i.e. the number of pairs of variables contained in the condition sets. In
each cycle, only a definitely-present edge or a definitely-absent one can entail a simplification
of the rules. In order to render a ssimplification in the subsequent cycle possible, at least one
definitely-present or definitely-absent edge has thus to be found in each cycle. Since askeleton
with n variables contains at most & = (,) edges, at most 2k cycles have thus to be carried. The
factor of 2 stems from the assumption that, in the worst case, first the i-rule and then the c-rule
regarding each edge reduces completely. The overall complexity of this scheme is thus of the
order of O(lkr) in the worst case.

The complexity of finding al the minimal or parsimonious structures in the largest ambiguous
region determines the complexity of inducing the different skeletons. Thisis because the pres-
ence of edges in different ambiguous regions is independent of each other. The complexity of
exhaustive search for the minimal structures grows obviously exponentially with the number
of edges contained in a preliminary ambiguous region (cf. Section 5.3.2). The parsimonious
structures in an ambiguous region can be determined with a reduced complexity, which grows
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exponentially with the number of edges actually found to be present in the parsimonious struc-
tures. Very large ambiguous regions can be tackled by the approximations described in Section
5.3 in order to keep the necessary computation time at some acceptable duration.

5.6 Experiments

In this section, various experiments are carried out with the presented learning algorithm aimed
at finding the parsimonious skeletons. The benefits of employing the necessary path condition
are examined given various sample sizes. Moreover, the different si-paths used in the necessary
path condition are compared to each other as well as to other approaches commonly used.
Since the induced graphs are skeletons rather than DAGs, we use artificial data sampled from
aBayesian network, because this allows us to compare the induced structures with the original
one in a qualitative way. DAGs rather than skeletons are determined in the experiments in
Section 6.3, rendering a quantitative comparison possible. Also real-world data can hence be
used there.

5.6.1 A Simplistic Example

Our first experiment is concerned with a very small Bayesian network comprising only three
variables. The original network structure is depicted in Figure 5.13. This DAG might aready
be familiar to the reader, as it appeared in several examples in the previous chapter (cf. the
Figures 4.4 and 4.5 aswell as the Tables 5.1 and 5.2). In order to specify a quantitative model,
let the continuous random variables a, b and ¢ depend on each other likeb = g, a = mb+<,
and ¢ = mgb + =, with the parameters m, = 3.0 and m, = 0.3, wheree; (i € {a,b,c}) are
Gaussian distributed random variables with unit variance and zero mean. Hence, the variables
a and b are strongly correlated, whereas the correlation of ¢ with a or b is relatively small.

Figure 5.13: The original DAG.

From the probability distribution described by this Bayesian network, data sets of various sizes
are sampled, ranging from 10 up to 10, 000 cases. These data sets are then given to the learning
agorithm. In this example, the Bayesian Information Criterior? (BIC') serves as a score-

equivalent scoring-function ¢, and the threshold value is chosen to be v = 0. The learning

2Since this domain comprises continuous variables with a Gaussian distribution, the B7C' given in Equation
3.119isbasedond(a L b]|S) = =N/2 - log(1 — 42s.5), Wherea, b € Vand S C V' \ {a, b}. Note that afactor
of 2 is again omitted, compared to the standard notation. The partial correlation can, for instance, be evaluated
reCUrS.Ver according to éab.su{c} - (éab.S - éac.S ébc.S) / (\/1 - éic's \/1 - ézc.s)x where éab.@ = éab is
the estimated correlation between « and b. The degrees of freedom equal ¢ = 1.
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Figure 5.14: The induced skeletons depend on the sample size. The results of the algorithm
employing the necessary si-1-path condition are depicted in the left diagram, whereas the right
one shows the results of atypical constraint-based approach not using the necessary path con-
dition, e.g. the PC or SGS algorithm [142]. The BIC' is used as the scoring function.
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Figure 5.15: This experiment is identical with the one in Figure 5.14, except that the ?-test
serves as sort of arelative scoring function.

algorithm is based on the necessary path condition employing the si-1-path (cf. Definition 4.11
and Proposition 4.12).

The skeletons learned from the various samples are shown in Figure 5.14: when given rather
large sample sizes, the skeleton of the original DAG can be recovered. As the sample size
decreases, model uncertainty arises. By means of the necessary path condition, two different
skeletons are induced from most of the samples containing between about 60 and 600 cases.
This was discussed in the example shown in Figure 4.5 and in Table 5.2. In this regime, some
dependence of ¢ on the other two variables is implied by the data. However, the agorithm
cannot distinguish between the graphs containing either theedge a ~ ¢ or b ~ c. If the size of
the data set is smaller than 60 cases, the skeleton with the single edge a ~ b is derived from
the data, representing the strong correlation between these two variables.
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negative scores regarding skeletons induced by means of

edgea ~ ¢ | edgeb ~ ¢ || nec. path cond. (si-1-path) | no cond.
@ || gla,c, {b}) | — @y @y
O | gta.c.(bh) | gtb.c.{a}) A
@ || - 9(b,e,{a}) S G
® | 0.0 ey ey
©) | glac.{b}) | glbefad) | GU BT | ETE
@ gla.c.0) | g(b,c.0) B RPN

g(a,c, {b}) g(b,c, {a’})

Table 5.6: This table shows the correspondence between the scores and the induced skeletons,
with and without employing the necessary path condition. All the scores not denoted in this
table are understood to be positive.

This experiment was also carried out with an algorithm not employing a necessary path condi-
tion (see Figure 5.14), e.g. the SGS or PC algorithm [142] using the BIC'. Such an algorithm
aways induces a single skeleton and hence does not account for model uncertainty. Thisis
because the data is assumed to imply afaithful probability distribution so that a (unique) per-
fect map exists. However, this assumption does not necessarily hold for data sets of finite size.
This is apparent for most samples containing between 60 and 600 cases in this example (see
Figure 5.14), as the skeleton with the single edge a ~ b isinduced from most of these samples.
This means that the variable ¢ appears to be marginally independent of both the other vari-
ables, although this does not hold according to the induced scores. In contrast, the necessary
path condition yields those skeletons which represent the dependence of ¢ on one of the other
variables (cf. the found uncertainty regarding the edgesa ~ ¢ and b ~ ¢).

Table 5.6 depicts the correspondence between the induced skeletons and the scores cal culated
from the data sets. The edge a ~ b is always present, as implied by the scores g(a., b, ) > 0
and g(a,b,{c}) > 0. In (3), (5) and (6), the necessary path condition yields skeletons with
more edges than there are found by established constraint-based approaches, not employing
such a condition (cf. also the Figures 4.4 and 4.5 as well as the Tables 5.1 and 5.2). Model
uncertainty regarding the presence of edges — as discovered by the necessary path condition —
occurs in case (6).

We note that the parsimonious skeletons induced with the help of the necessary path condition
and the si-1-path (cf. Section 4.3.1) coincide with the minimal skeletons as well as with the
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optimal ones in this simplistic experiment. This can be seen, for instance, in the approach
shown in the Figures 4.4 and 4.5 in Section 4.3.1. In (3) in Table 5.6, for example, the edge
a ~ cis certainly absent due to the scores g(a,c,) < 0 and g(a,c,{b}) < 0, whereas the
score g(b,c, () > 0 favors the presence of theedge b ~ c.

In a variant of the above experiment, let us also consider the SGS and PC algorithms [142]
employing the y?-test® rather than the BIC' as sort of a relative scoring function (cf. aso
Section 3.1.4). A significance level of a = 1% isused in the experiments shown in Figure 5.15.
Obviously, the results are very similar to the ones in Figure 5.14, as one might have expected.
The y?-test and the BIC are closely related in this experiment, as they yield identical scores
at the sample size n, ~ 735, where their penalties regarding model complexity take on equal
values, namely log(n,) = X} ,—.99(dr = 1) ~ 6.6 (d¢ denotes the degrees of freedom, see
also the first footnote in this section). This is because the penalty term in the BIC' depends on
the sample size n, while the one in the \*-test does not. These two relative scoring functions
areidentical concerning model fit, as both assess it in terms of maximum likelihood. At small
samples (n < n,), the y?-test entails a larger penalty regarding model complexity than the
BIC, and the other way round for n > n,. This explains why the range of sample sizes for
which more than one skeleton is induced extends to both dlightly larger and dightly smaller
valuesin Figure 5.14 than it doesin Figure 5.15.

5.6.2 The Alarm Network

The following experiments are carried out with various data sets sampled from the probability
distribution described by the alarm network [8], the most popular benchmark for assessing
structural learning algorithms. The alarm network is described in more detail in Appendix B.
Its structure is shown in Figure 5.16. The alarm network is made up of 37 variables, which
causes the search space to be extremely large, namely it contains more than $7:36/2 > 1200

DAGs (cf. Equation 3.3.2).

Preliminary versus Parsimonious Summary Graph

In many publications, data setswith 10, 000 cases were used in alarm-network experiments, and
theinduced DAGswere very closeto the original structure, seee.g. [23,24,33,34,79,81]. Inthe
following, we applied our learning agorithm to a data set with 3, 000 cases. In particular, the
variant employing the si-4-path in the necessary path condition was used (cf. Definition 4.16),
the least strict alternative among the four si-paths described in Section 4.3. Moreover, the
posterior probability with conjugate priors served as the relative scoring function (cf. Section
3.1.4). An equivalent sample size of N’ = 1 and a threshold value of v = 3 was chosen (cf.
Table 5.5). Also, we committed ourselves to a uniform prior for the DAGs, i.e. p(m) = const.

%In domains with continuous variables, the PC algorithm originally tests on vanishing partia correlations in
a dlightly different way, while it applies the y’-test to discrete variables only. Here, we only like to use some
frequentist test which can easily be compared to the BIC.
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Figure 5.16: This graph displays the original alarm-network structure [8]. A key to the various
variablesis given in Appendix B.

The preliminary summary graph induced from this sampleis shownin Figure 5.17. Apparently,
alarge number of edgesiscommon to all the parsimonious skeletons, i.e. 34 edges are certainly
present. The parsimonious skeletons can only differ from each other regarding the presence of
the ambiguous edges involved in the 7 ambiguous regions. Because the ambiguous regions
(F)%and (G) render the preliminary summary graph rather complex, the ambiguous edges are
also given in Table 5.7.

The different parsimonious structures in each of the ambiguous regions are given in Table 5.8.
Apparently, in each of the ambiguous regions (A) through (D), either one of the involved
ambiguous edges is present in a parsimonious skeleton. This is very similar to the example
discussed in Figure 4.5 and Table 5.2. The ambiguous region (E) comprises basicaly two
different structures, namely the one containing the single edge &2 ~ 34 and the other one
comprising both the edges =14 ~ 99 and x99 ~ z30. Thisis essentially identical with the
example shown in Figure 4.8. Only thefirst alternative is parsimonious. The second aternative
is thus disregarded in a parsimonious ambiguous region, as discussed in Section 4.3.5. In the
ambiguous regions (F') and (G), it occurs only one parsimonious structure, similarly to (E).
Each of which contains two edges. Consequently, there is only one parsimonious structure
in each of the ambiguous regions (E), (F') and (G). The edges which are not contained in
one of the parsimonious structures are definitely absent, and they can be excluded from the
ambiguous regions (E), (F) and (G). This leads to the parsimonious ambiguous regions
and to the parsimonious summary graph sketched in Figure 5.18. The latter is considerably
simpler than the preliminary one (cf. the Figures 5.17 and 5.18). Hence, the structure of the
parsimonious summary graph might by much easier to interpret than the preliminary one.

“The ambiguous edge s ~ o (and the absence of the edge =5 ~ xs) in the ambiguous region (F) en-
tails some asymmetry regarding the variables as and zy, which is unexpected. The explanation is that the sin-
gle score g(ws, w20, {x27, 29, 27}) < ~ regarding the edge 25 ~ 229 was induced, whereas both the scores
(w9, xa9,{wo7, 28, 27}) < v and g(xe, X290, {Xe,r7,25}) < 7 concerning the edge =, ~ 229 were derived.
As can be seen (cf. the variables denoted in bold face), the latter score causes the edge % ~ zo to be ambigu-
ous, because the only induced scores regarding the edges a5 ~ 25 and @5 ~ x5 were g(s, vs, {22 }) < v and
(X6, Xo, {X20}) < 7, respectively.
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Figure 5.17: This preliminary summary graph depicts the 34 certainly-present edges aswell as
the 7 preliminary ambiguous regions found. At this stage, the different parsimonious structures
are not yet known.

Figure 5.18: This parsimonious summary graph displays al the 16 parsimonious skeletons
induced from a sample of 3,000 cases. It is considerably less involved than the preliminary
summary graph in Figure 5.17.

Table 5.8 shows that there are two parsimonious structures in each of the ambiguous regions
(A) through (D), and only one alternative in (E), (F') and (G). Since different ambiguous
regions are independent of each other (cf. Section 5.3), the number of parsimonious skeletons
isgiven by 2% - 12 = 16. Each parsimonious skeleton contains 9 ambiguous edges besides the
34 definitely-present ones. This amounts to a total of 43 edges in each of the parsimonious
skeletons. In the skeletons which have the most edges in common with the original alarm-
network structure (cf. Figure 5.16) only 3 edges are missing, namely the edges a1 ~ 26,

w97 ~ x33 and either one of the ambiguous edges x5 ~ x99 OF x99 ~ w35, Whereas an edge
which is absent in the original DAG is not induced to be present. This supports that the edges
found to be present by the constraint-based approach are so with some certainty (cf. Section
4.3.4).
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preliminary || number of
ambiguous involved | ambiguous edges
regions edges
(A) 2 T~ X1, T2 ~ 232
(B) 2 Ty~ T1g, T5 ~ T19
© 2 T ~ X23, X23 ~ I35
(D) 2 T15 ~ 292, T2 ~ I35
(B) 3 T4 ~ T2, T2 ~ T32, T2 ~ T34
) 8 T ~ T, L7~ XY, LT ~ LY, LY ~ LY, T ~ L7,
€Trg N~ 97, T ~ Y9, LY N~ Y9
(©)) 11 T3 ~ T14, T3 N T15, TI3 N T3, T3~ T34, T3 ~ T35,
T14 ~ T15, D14 N T34, T14 N T35, T15 ~ L36, L34 ~ T36,
T35 ~ T36

Table 5.7: The induced preliminary ambiguous regions and their ambiguous edges.

parsimonious number of | overall number
ambiguous || parsimonious structures | different of involved
regions structures edges
(A) ®y| ~ x| 2 2
® Ty ~ X3
(B) o1y~ w19 2 2
® 5 ~ T19
© ® 15 ~ x93 2 2
® I3 ~ I35
(D) ® x5 ~ 299 2 2
® 99 ~ X35
(E) ® r9y N~ T34 1 1
(F) ® g ~ 29, T9 ~ Tag 1 2
(©) ® 14 ~ I35, ¥35 ~ 136 1 2

Table 5.8: The different parsimonious structures in each of the ambiguous regions.
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Various Sample Sizes

The above experiment was also carried out when given different sample sizes, ranging from
1,000 upto 50, 000 cases, where five different samples of each sizewererendered. Theinduced
parsimonious skeletons were compared to the original alarm network structure. For brevity,
let us call an edge to be mistakenly present (absent) in the remainder of this chapter if it is
present (absent) in an induced skeleton, athough it is absent (present) in the original alarm-
network structure. Note that this term applies only with respect to the original graph and not to
the optimum, with respect to the employed scoring function. In the experiments described in
Section 6.3.1, for instance, athough the edge x5 ~ x99 ismistakenly absent (i.e. with respect
to the original DAG), its absence actually leads to a DAG with a score higher than the one of
the original DAG. Its absence might thus be considered ” correct” with respect to this optimal

graph.

Figure 5.19 shows that, over alarge range of sample sizes, the overall number of induced edges
is very close to the number of 46 edges present in the original DAG. In contrast, the number
of definitely-present edges is much smaller and drops more quickly when the sample size de-
creases. Moreover, the number of definitely-present edges appears to approach the number of
46 edges quite slowly as the sample size increases, although it can be expected to reach the
correct number in the asymptotic limit [142]. We note that the definitel y-present edges corre-
spond to the ones induced by the PC agorithm when the posterior probability is applied as the
relative scoring function instead of the original \?-tests. Obviously, the ambiguous edges play
an important role when recovering the original structure. The Figures 5.19 and 5.20 show that,
as the sample size diminishes, the number of ambiguous edges rises. In contrast, the number
of definitely-present edges decays, indicating a reduced confidence in the presence of several
edges.

Since only a necessary (rather than a sufficient) path condition can be applied, the induced
skeletons tend to contain asmaller number of edges than there are present in the optimal skele-
ton (cf. Section 4.3.4). In particular at relatively small sample sizes, this difference can be
considerable, as revealed by the rapid increase in the number of mistakenly-absent edges (cf.
Figure 5.20). Since different parsimonious skeletons contain a different number of mistakenly-
absent and mistakenly-present edges, we refer to the one having the most edges in common
with the original DAG. Figure 5.20 shows that the number of mistakenly-present edgesis quite
small over the entire range of sample sizes, as expected from the considerations in the Sections
4.3.4and 5.4.3.

The Figures 5.20 and 5.21 show that the number of ambiguous edges which are simultane-
ously present in an induced skeleton is approximately the same as the number of ambiguous
regions. Hence, the average number of ambiguous edges which are simultaneously present in a
parsimonious ambiguous region is about 1 for all sample sizes. This renders an efficient search
for the different parsimonious structures in these experiments possible, as described in Section
53.2.

The number of parsimonious skeletons as well as the number of ambiguous regions generally
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Figure 5.19: In the induced parsimonious Figure 5.20: The number of ambiguous edges
skeletons, the number of definitely-present (e) rises as the sample size decreases. Some
edges (triangles) is considerably smaller than edges are mistakenly absent (0), and a few
the overall number of edges (o), i.e. theedges are mistakenly present (x) in the parsimo-
which are ambiguous or definitely present nious skeletons closest to the origina one
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Figure5.21: The number of parsimonious skeletons (left) and the number of ambiguous regions
(right) induced from various sample sizes (median of 5 samples of each size).

increase when the sample size drops (cf. Figure 5.21). This reflects an increase in model
uncertainty. Unlike the number of ambiguous regions, the number of skeletons rises quite
dramatically when given samples with fewer than 3,000 cases. This is because the number
of induced skeletons is the product of the number of parsimonious structures in each of the
ambiguous regions (cf. Section 5.3). Roughly speaking, one can hence expect an exponential
dependence of the number of skeletons on the number of ambiguous regions.
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Different Sl-Paths

In the following, let us consider the four variants of si-paths introduced in Section 4.3. They
entail different variants of the necessary si-path condition. In short, the si-paths can be de-
scribed as follows: given a score g(a,b,S) < v regarding theedgea ~ b, S C V \ {a,b},
where ~ denotes the threshold value,

o the si-4-path leads to the least strict necessary path condition, requiring si-paths between
aandeach s € S aswell asbetweenb and each s € S,

e thesi-3-path is more rigorous than the si-4-path, namely it callsfor the presence of edges
rather than paths between a and each parent candidate s € S,

e the si-1-path involves sc-1-paths, and is thus even stricter,

e the si-2-path leads to the strictest necessary path condition, requiring si-paths among an
increased number of variables.

This leads to four variants of the learning algorithm based on the four variants of the necessary
path condition. Each variant is applied to the data sets sampled from the alarm network in the
same fashion as described above. The edges present in the induced skeletons are summarized
in the Figures 5.22 and 5.23. Apparently, the skeletons induced without applying a necessary
path condition contain a considerably smaller number of edges than the skeletons derived by
any one of the four variants using the necessary path condition. The differences among the
four variants occur to be rather small in this experiment. In detail, the skeletons induced by
means of the si-4-path (least strict) seem to be most different from the others. the si-4-path
yields adlightly smaller number of (ambiguous) edges than the other three si-paths when given
rather small sample sizesin Figure 5.22. Moreover, Figure 5.23 shows that the si-4-path yields
the smallest number of edges mistakenly present. The difference between the definition of the
si-4-path and the other three si-paths is that the latter require also the presence of edges rather
than the presence of paths only. This enables the three stricter si-paths to find afew additional
edges to be present. However, chances are relatively large that some of these additional edges
are mistakenly present (cf. Figure 5.23). The two most rigorous si-paths perform very similarly
regarding both the number of edges correctly present as well as the ones mistakenly present.
This might be expected, since also their definitions are very alike (cf. the Definitions 4.11 and
4.14).

The si-4-path (least strict) has the following desirable property regarding the computational
effort (cf. the Figures 5.24 and 5.25): as the sample size decreases, the number of preliminary
ambiguous regions rises, whereas the number of edges contained in the largest preliminary
ambiguous region stays approximately put. Since the complexity of finding the parsimonious
structures in the ambiguous regions depends critically on the size of the preliminary ambiguous
regions rather than on their number, the si-4-path allows an exact search for almost all the data
sets in this experiment, and only afew require an approximate search (see also Section 5.3.2).
In contrast, concerning the three strictest si-paths, the size of thelargest preliminary ambiguous
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sample size (x 1,000)

Figure 5.22: The number of the edges correctly present due to the si-4-path (e), si-3-path
(triangles), si-2-path (O), and si-1-path (x) used in the necessary path condition. In comparison
to that, the dashed line sketches the number of edges found without applying a necessary path
condition (mean of 5 samples of each size).

sample size (x 1,000)

Figure 5.23. The least strict si-4-path (e) yields the smallest number of edges mistakenly
present (mean of 5 samples of each size). Regarding the si-3-path (triangles), si-2-path (O),
and si-1-path (x), the strictness of the employed si-path does not seem to have avery decisive
impact on the number of edges erroneously present.

region is quite large and increases as the sample size drops, while the number of preliminary
ambiguous regions tends to grow only dightly. Hence, an approximate search is essential for
efficient computations in these cases. Since such an approximate search typically does not find
all the parsimonious structures, itiscrucial to determine the ”important” ones which eventually
lead to (close to) optimal graphs. Moreover, the number of induced parsimonious skeletons
does not provide much insight, since it is strongly affected by the approximations. Only in
the case of the least strict si-4-path, where an approximate search usually is not necessary, this
number might provide some insight (cf. Figure 5.21).

Apart form the necessity of applying approximate search strategies in large preliminary am-
biguous regions, strict si-paths can often lead to summary graphs which are difficult to inter-
pret. For this reason, it might be favorable to display the summary graph induced by means of
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Figure 5.24: The number of preliminary ambiguous regions in the graphs determined on the
basis of the si-4-path (e), si-3-path (triangles), si-2-path (O), and si-1-path (x) (median of 5
samples of each size).

O . . T S S R R
1 10

sample size (x 1,000)

Figure 5.25; The number of edges involved in the largest preliminary ambiguous region is
shown for the si-4-path (), si-3-path (triangles), si-2-path (O), and si-1-path (x) (median of 5
samples of each size).

the least strict si-4-path to the user.

When a strict si-path is employed, the increase in the size of parsimonious ambiguous regions
is caused by two facts. First, a stricter si-path yields ambiguous regions of increased sizes.
These regions might then merge with each other. As aresult, a particularly large ambiguous
region is created, while the number of preliminary ambiguous regions is decreased at the same
time. Second, the number of computed scores is subject to the heuristics which focus on
the neighbors of a variable in the intermediate graph (cf. Section 5.4.3). A stricter si-path
yields a denser intermediate graph, and hence a larger number of scores of increased orders
are evaluated. One can thus expect a larger number of scores to be smaller than the chosen
threshold value. This is depicted in Figure 5.26. Note that the number of scores of zeroth
and first order have to be identical for al si-paths because so is the intermediate graph up to
first order. The scores of high orders entail the creation of alarger number of rules as well as
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Figure 5.26: The number of scores g(a,b,S) < ~ found by the algorithm based on the (least
strict) si-4-path (white) and the (most rigorous) si-2-path (black) is shown as a function of the
order » = |S| (mean of 5 samples with 1,000 cases each).

of more complex ones. This can additionally increase the number of edges in an ambiguous
region.

An increased number of scores of high orders due to strict si-paths can sometimes yield a
reduced number of edges being present in the induced skeletons. This can occur because the
agorithm can only employ anecessary path condition. Moreover, a so the approximate search
strategies applied to large ambiguous regions can yield the absence of an increased number
of edges. This explains why the si-1-path can happen to yield slightly more edges than the
(strictest) si-2-path, e.g. at sample size 1,000 in Figure 5.22.

Different Threshold Values

The number of edges present in the induced skeletons can depend on the threshold value . In
the following experiment, we used the least strict si-path, namely the si-4-path, in the necessary
path condition. The posterior probability with conjugate priors and the equivalent sample size
N' = 1 served as the scoring function, like before. Table 5.5 shows that the choice v = 0
entails an edge to be included into the induced skeletons if its presence is favored more than its
absence by the relative score. Thevalue v = 3 yieldsits presence only if it is strongly favored,
and v = 10 corresponds to an extremely strong confidence in its presence. As expected,
the number of edges present in the induced skeletons generally decreases as the values of ~
grows (cf. Table 5.9). Regarding large sample sizes, the difference in the induced skeletons
diminishes. Thisisnot unexpected, asthe relative scores approach +oc in the asymptotic limit.
Hence, the induced skeletons can be expected to become independent of a particular finite value
of v when the data set is sufficiently large. Conversely, the difference in the induced number of
edges becomes notable when given small sample sizes (cf. Table 5.9). Apparently, the impact
of alarge value of ~ increases considerably when the sample size drops. As noted in Section
3.1.4, a positive threshold value v can also be understood as a priori penalizing graphs with
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sample overal number number of
size of present edges mistakenly-present edges
v=0]7y=3|y=10|vy=0]~v=3]|y=10

1,000 400 | 37.2 314 0.6 0.4 0.8
1,500 41.6 | 40.8 374 0.4 0.6 0.6
2,000 434 | 428 40.4 0.8 10 04
3,000 438 | 438 42.4 0.8 0.8 0.8
4,000 444 | 436 42.6 0.8 0.8 1.0
6,000 446 | 450 44.2 0.6 1.0 1.0
8,000 450 | 450 45.0 10 1.0 10
10,000 || 44.8 | 448 45.0 0.2 0.2 0.6
20,000 | 452 | 45.2 45.2 0.2 0.2 0.2
30,000 || 45.0 | 45.0 45.0 0.0 0.0 0.0
40,000 | 450 | 45.0 45.0 0.0 0.0 0.0
50,000 | 45.0 | 450 45.0 0.0 0.0 0.0

Table 5.9: The induced skeletons can depend on the applied threshold value .

alarge number of edges. The effect of v can hence be viewed as a consequence of the prior
probability having an increased impact on the posterior when the sample size drops.

The value of ~ does not seem to have a strong impact on the number of edges mistakenly
present (cf. Table 5.9). Moreover, a small non-negative value of ~ tends to yield dlightly
fewer edges mistakenly present than does a larger value of ~ in Table 5.9. This might be
unexpected according to the previous remarks. A thorough examination reveals, however, that
this is caused by the heuristics reducing the number of computed scores (cf. Section 5.4.3):
alarge value of v can cause that an increased number of edges is absent due to scores of low
orders. Hence, a smaller number of scores of increased orders is computed subsequently. This
can, however, leave an increased number of edges present in the graph, in particular those edges
whose absence can be determined solely on the basis of negative scores of high orders.

Various Scoring Functions

Besides the threshold value +, a so the scoring function itself can have an impact on the induced
skeletons. The skeletons entailed by the following scoring functions are compared to each other
in this section (cf. al'so Section 3.1.4):

the posterior probability with conjugate priors and the equivalent sample size N = 1;
the threshold valueis v = 3,

the Bayesian Information Criterion (BIC") and v = 3,

the Akaike Information Criterion (AIC) and v = 3,

the popular \?-test, with the significance level o = 1%.
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Figure 5.27: The number of edges due to the Figure 5.28: The K2 agorithm [34] is used
y2-test (), AIC (x), BIC (+), and poste- to induce the number of edges which is close
rior probability (e). The least strict necessary to optimum with respect to the \-test (0),
path condition isused, and themean of 5 sam- AIC (x), BIC (4), and posterior probabil-
ples of each sizeis shown. ity (o) (mean of 5 samples of each size).

In these experiments, the learning algorithm is based on the |east strict necessary path condition
employing the si-4-path (cf. Definition 4.16). Figure 5.27 shows the number of edges present
in the induced skeletons according to the various scoring functions. As expected, the number
of edges generally drops when the sample size decreases. However, the number of edges varies
considerably with respect to the different scoring functions. Apparently, the \?-test yields the
most edges. In contrast, the BIC' removes the most edges, given samples with fewer than
10, 000 cases. The skeletons due to the AIC' comprise adlightly smaller number of edges than
the skeletons yielded by the \?-test, in particular when the samples are smaller than 10, 000
cases. The various behaviors can be understood when the different penalties regarding model
complexity are considered, since model fit is measured in the same manner by all three scoring
functions (except for the posterior probability), namely in terms of the maximum likelihood
ratio.

For illustration, assume that the degrees of freedom &, as given in Equation 3.1.21, range
between 2 and 10 for most of the relative scores. These are reasonable values because most
variables are binary, and only some have 3 or 4 states (cf. Table B.1). Moreover, most of the
relative scores are of zeroth or first order (cf. aso Figure 5.26). The values of the various
penalty terms are shown in Table 5.10, where the effective penalty term is denoted, i.e. it
includes also the threshold value ~ acting as an additional penalty. Apparently, the ATC' entails
dightly larger effective penalties than the y?-test. However, this is mainly because of the
threshold value v = 3. In the case of avanishing threshold value, the AIC' involves adlightly
smaller effective penalty than the y*-test. Since these penalties are approximately the same,
aso the numbers of induced edges are nearly the same when given samples with fewer than
about 10, 000 cases. In contrast, the penalty term in the BIC takes on much larger values even
a the relatively small sample size of 1,000 cases. Hence, a considerably smaller number of
edgesisentailed to be present than it is done by the other scoring functions, given samples with



5.6 EXPERIMENTS 115

effective penalties for
score | penalty term de=2|dy =10
BIC | dilog(N)/24+~ | 9.9 37.5
AIC | dp+~ 5.0 13.0
x2-test | 3, —p99(ds)/2 | 4.6 11.6

Table 5.10: The effective penalties (penaty term + threshold value ) involved in the different
relative scores, given asample size of N = 1,000 and the threshold value v = 3.

fewer than about 10, 000 cases. The number of edgesin Figure 5.27 suggests that the penalty
term inherent in the posterior probability is somewhere between the ones of the AIC' and the
BIC. Sincethe BIC' isan asymptotic approximation to the posterior probability, the numbers
of edges induced by means of the two scoring functions approach each other at large sample
sizes.

Figure 5.27 suggests that the y>-test is the "best” scoring function regarding samples with
6,000 or fewer cases. Thisis meant in the sense that the number of induced edges is closest
to the number of 46 edges present in the original alarm-network structure. Furthermore, the
posterior probability seems to be worse than the ATC' at small sample sizes. However, these
conclusions do not hold when Figure 5.28 is taken into account, which shows the numbers of
edges close to optimum, with respect to the various scoring functions® These numbers of edges
were found by the K2 algorithm [33,34], known for finding DAGs very close to optimum when
a correct ordering on the variables is given as input. This is supported by the alarm-network
experiments [33, 34, 81], where the K2 algorithm only tended to include an edge too many
compared to the optimal DAG. Let us also note that greedy local search, starting out from the
origina network structure, led to numbers very similar to the ones in Figure 5.28. Obviously,
the original network structure does not necessarily coincide with the DAG being optimal with
respect to the different scoring functions. In particular, the ” optimum” with respect to the y-

test contains considerably more edges than the original DAG, whereas the ATC' yields only
dlightly more edges than the original 46 edges (cf. Figure 5.28). The posterior probability
as well as the BIC yield a dightly smaler number than 46 edges when given small data
sets, but both seem to approach the correct number of 46 edges at large sample sizes. Hence,
the Figures 5.27 and 5.28 support that the skeletons found by the constraint-based approach,
possibly employing a necessary path condition, tend to contain asmaller number of edges than
the optimal DAGS, irrespective of the scoring function used (cf. Section 4.3.4).

Regarding the y2-test employed in the constraint-based approach, two counteracting effects are
apparent. On the one hand, the y>-test entails " optimal” DAGs which contain (considerably)
more edges than the original one. On the other hand, the constraint-based approach tends to
yield skeletons with fewer edges than optimal. In the alarm-network experiments, these two

SThere is no absolute scoring function corresponding to the -test applied like a " relative” scoring function,
as mentioned in Section 3.1.4. Hence, the depicted numbers correspond to the DAGs which cannot be improved
significantly by including an additional edge.
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effects appear to balance in the sense that the induced skeletons contain neither considerably
fewer nor notably more edges than the original alarm-network structure for a large range of
sample sizes. However, this may not hold in general when given other data sets.

Reduced Number of Scores

Finally, let ustake alook at the heuristics aimed at reducing the number of relative scores which
have to be computed. As described in Section 5.4.3, these heuristics focus on the neighbors of
each variable in the intermediate graph. The obtained results are shown in Figure 5.27, where
skeletons with more than 46 edges are found from samples containing over 10, 000 cases. In
contrast, Figure 5.29 sketches the results obtained without this heuristics. These skeletons
were determined on the basis of all relative scores up to third order. Calculating all the scores
of fourth or higher orders was computationally infeasible in the alarm-network experiment.
Without applying this heuristics a decreased number of edges is found, as expected, since the
induced skeletons are based on an increased number of scoresin this case. These skeletons are
very closeto the original graph, except for extremely small samples. Furthermore, the skeletons
obtained without this heuristics contain only a very small number of edges erroneously (cf.
Figure 5.29). Hence, when all the scores are taken into account, the constraint-based approach
and the \?-test seem to balance extremely well in this experiment, in the sense that the induced
skeletons are very close to the original structure over alarge range of sample sizes.

# edges
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30 S Y I Y R R B ° ‘
0O 10 20 30 40 50 0O 10 20 30 40 50

sample size (x 1,000) sample size (x 1,000)

Figure 5.29: In the left diagram, the number of edges present in the induced skeletons is based
on all scores up to third order, i.e. without the heuristics reducing the number of scores. This
number approaches the correct value of 46 edges at sample size 50,000. The skeletons are
induced by means of the least strict necessary path condition (e). For illustration, aso the
number of certainly-present edges is shown (x), as it equals the number of edges found by the
SGS algorithm [142]. The right graph shows that only an extremely small number of edges
is erroneously present. The y*-test with significance level o = 1% served as the "relative”
scoring function, and the mean of 5 samples of each size is shown.
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5.7 Discussion

When given finite sample sizes, the necessary path condition led to considerable improvements
in our computer experiments, in particular when the data set was of some "medium” size, i.e.
not extremely small. One cannot expect to induce some reasonable structure from very small
samples, anyway. Our experiments support that all constraint-based approaches —whether they
employ a necessary path condition or not — induce the same graph, i.e. the perfect map, in
the asymptatic limit if the data was sampled from a faithful probability distribution (cf. aso
Section 4.1).

In our experiments, the differences among the various variants of si-paths are rather negligible
compared to state-of-the-art constraint-based algorithms, which do not employ anecessary path
condition, because they assume a faithful probability distribution. The benefits of a necessary
path condition applied to finite data are twofold. First, the number of induced edges is con-
siderably increased in our experiments, and is hence closer to the optimal number. Moreover,
possibly several skeletons are found instead of asingle graph. Model uncertainty regarding the
presence of edges can thus be discovered. Of course, thisisonly possible to alimited degree, as
the exact problem isintractable in large domains. The induced skeletons can be visualized in a
single graph, the so-called summary graph which utilizes the concept of ambiguous regions and
the fact that the various skeletons have many edges in common [144]. This so-called summary
graph is typically much easier to interpret than an enumeration of the various induced skele-
tons. In particular, it is often beneficial to consider the parsimonious summary graph rather
than the preliminary one, as shown in our experiments.

Moreover, the influence of the used threshold value v was found to be rather small in our
alarm-network experiments. We also compared the various scoring functions with each other,
including the popular \-test. It was discussed that the ”optimal” DAG with respect to the y*-

test contains too many edges. As the constraint-based approach tends to yield too few edges,
these two effects seem to balance, and the resulting skeletons were very close to the origina
DAG, in particular when the heuristics for reducing the number of computed scores was not
used. The optimal DAG with respect to the posterior probability appeared to be closest to
the original alarm-network structure. This suggests to use this scoring function also in the
constraint-based approach.

Not much attention has been paid to an early version of the PC algorithm which required cer-
tain undirected paths to be present [140]. This variant was also mentioned in [142], where it
was called PC* algorithm. It starts out with the complete skeleton, and removes an edge from
the current graph when a conditional independence isinduced. A test on the independence of
the variables @ and b conditional ontheset S C V \ {a,b} isonly carried out when this setisa
subset of the neighbors of a or b, and when each s € S lieson an undirected path between a or b
in the current skeleton. This algorithm differs in several respects from the presented algorithm
employing the necessary path condition. The main difference between this scheme and the nec-
essary path condition is the kind of paths considered. Both the si-path and the sc-path are not
only concerned with the presence of certain edges but also with the induced independences and
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dependences. This reduces the number of "paths’ under consideration greatly. Moreover, the
si-path and the sc-path are derived from DAGs which are optimal with respect to the used scor-
ing function, while the undirected paths required by the PC* algorithm are a consequence of
the assumed perfect map. At finite data, the paths required by the latter can, however, entail too
many edges being present, compared to the optimal DAG. This was discussed — with adightly
different focus — in Section 4.4, where it was shown that an undirected path is not necessarily
required to be present in an optimal DAG. Since the PC' algorithm starts out with a complete
skeleton, the number of undirected paths in the intermediate graph can be extremely large at
early stages of the learning process. In fact, it was found to be computationally infeasible,
except for domains containing a very small number of variables. In contrast, the scheme pro-
posed in this thesis was computationally efficient in our experiments. This has various reasons.
First, the number of si-paths and sc-path depends on the number of conditional independences
induced. Hence, our scheme does not have a bottleneck at the beginning of the learning pro-
cess, like the PC* agorithm. Second, the necessary path condition is represented in terms of
rules. As an advantage, the existence of a ”path” need not be determined from a graph. In
fact, after the rules have been simplified the graphs are immediately obtained. Moreover, our
agorithm is capable of inducing possibly several skeletons, which reflect model uncertainty (to
some limited degree, of course), whereas the PC* algorithm induces as single graph assumed
to be the perfect map.

5.8 Incorporating Prior Knowledge

The algorithm, as presented so far, is completely data-driven. In many practical situations,
some additional information might be at hand, particularly when the directed edges in the
DAG areinterpreted in a causal manner. In these cases, the presence or absence of some edges
aswell astheir orientations might be known a priori. This knowledge can stem from common
sense or laws of nature, for instance. Temporal ordering on the variables, if known, can often
help determine the orientations of edges.

Prior knowledge can easily be included into the scoring function, especially in a Bayesian
setting when the posterior probability or an approximation to it isemployed. An apriori belief
which favors a structure to some degree can, for instance, be accounted for by constructing
an a priori DAG, and by penalizing an induced DAG dependent on its structural difference to
it. Thisis described in [81], where a'so measures for structural differences are discussed. In
general, when such a measure of structural differences accounts for the orientations of edges,
the resulting prior probabilities of equivalent DAGs cannot be expected to be identical, i.e.
prior equivalent. Hence, such ascoring function is not score-equivalent in general. Itisusualy
desired that the measure for structural differences is such that the resulting (absolute) scoring
function stays decomposable, which allows relative scoring functions to be used. When score-
equivalence is not given, the relative scores g(a, b, S) and g(b, a, S) typically are not equal (cf.
Section 3.1.3).

Theremainder of this section is concerned with prior knowledge where the expert is sure about
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Figure 5.30: Prior knowledge can prevent the elimination of the edge = ~ .

some structure. This certainty can be incorporated in the scoring function in asimilar fashion
as before. However, the corresponding scores approach plus or minus infinity in this case.
Alternatively, this knowledge can directly be applied to the rules. This allows the computation
of the relative scores without taking into account this knowledge. Let us hence consider the
creation of the rules according to the si-3-path, as the latter is the ssimplest si-path in Section
4.3 which is capable of accounting for non-score-equivalent scoring-functions. Of course, this
isonly possible up to a degree, since the si-3-path applies to skeletons rather than DAGs.

Prior knowledge concerning the presence or absence of an edge can easily be incorporated into
the rules. If the presence of an edge is considered to be certain, no rules are generated by the
algorithm concerning this edge, like for certainly-present edges (cf. Section 5.1). In the other
case, where the absence of an edge a ~ b is taken for granted, the i-rule IR([a,b],(,0) is
created, indicating that this edge is certainly absent. Note that the si-3-path does not involve
sc-paths.

Certainty regarding the orientations of edges can only be accounted for in a limited way by
means of rules. Nevertheless, it can be useful to incorporate this knowledge in the learning
algorithm aready at this stage. When a score g(a,b,S) < ~ istransformed into a rule, the
knowledge about the orientations of edges can apply to the edge a ~ b or to some of the edges
a ~ s Where s € S. Let us focus on the latter case, as this is the more interesting one. A
score g(a,b,S) < v istransformed into arule IR([a,b],{[a.s] : s € S}, {[b,s] : s € S})
(according to the si-3-path) only if all the variables in S are alowed to be parents of variable
a. In other words, if S contains avariable s such that a — s isrequired by the prior knowledge
then no rule is created.

The effect of incorporating constraints on orientations is illustrated in the simplistic example
in Figure 5.30, where al edges are induced to be absent, except for x ~ y, 2 ~ 2z, y ~ w
and > ~ w. Let us now consider whether the induced score g(x,y,{z}) = g(y,z, {z}) < v
yields the absence of the edge » ~ y. Without prior knowledge, this edge would clearly be
absent, because = is adjacent to = and there is a path from = to y. However, when the prior
knowledge requires that the edge = ~ = isoriented like z — = then the score g(x,y, {z}) < v
has to be disregarded. Only the score g(y, =, {z}) < v isthus transformed into arule, namely
into IR([y, z], {[y. z]}. {[x. z]}). Since y and = are not adjacent in the graph, theedge = ~ y
cannot be absent. In comparison to that, the scheme applied by the PC algorithm [142] would
remove this edge because of the score g(y, =, {z}) < ~8

®In the case where the edge = ~ v is removed at an early stage, the heuristics of focusing on neighbors entails
that the computation of the score g(y, z, {2}) is skipped, and thus the edge » ~ y isinduced to be present by the
PC algorithm, too. However, if the edge = ~ y is absent because of the score g(z, y, {w}) < v, it is possible that
the score g(y, z, {=z}) is computed by the PC algorithm, and hence the edge « ~ y is removed.
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Since many scores are possibly disregarded due to constraints, the computational effort can be
reduced. For instance, no scores g(a, b, S) need be computed if they refer to edgesa ~ b which
are a priori known to be present or absent. Also, when S contains a child of «, the evaluation
can be skipped. This was noted in [142] concerning the incorporation of prior knowledge in
the PC algorithm.

5.9 Incomplete Data

For simplicity, we assume throughout this thesis that the data is complete, i.e. avalue is as-
signed to every random variable in every case contained in the given data set. In many practi-
cal situations, however, one faces the problem that the available data is incomplete. When the
values of some random variables are missing in some cases, parameter estimation as well as
structural learning become very complicated. An exact solution given incomplete data is often
infeasible so that one has to resort to approximations. For an overview, the reader is referred
to [35]. When datais missing, it isimportant to distinguish the situations where datais missing
in a systematic manner and the situation where data is missing at random (cf. [130]). In the
former case, it is essentia to account for the specific data-censoring mechanism in order to at-
tain reasonable results. In the latter case, more general approximations are applicable, like e.q.
Monte Carlo methods or mean-field approximations (see also [73]). An overview of these two
methods can be found, for instance, in [91]. Various approximations concerning the Bayesian
approach are examined in [31]. When the data contains only discrete variables, also the scheme
called bound and collapse can be applied to structural learning [124]. A very popular approach,
given discrete variables, isthe EM algorithm [43]. It isan iterative scheme which optimizes the
likelihood function. As the latter exhibits local optima [134], the EM algorithm does not nec-
essarily find the global optimum, though. The EM algorithm was applied to structural learning
in Bayesian networks in [54].

In the PRONEL project [120], a simple and efficient approach is taken. It might, however, be
regarded as a crude approximation. It isassumed that datais missing only occasionally, i.e. the
probability that a variable in a case is not instantiated is assumed to be small. Moreover, this
probability has to be independent of both the random variable itself and its value. Given these
assumptions, arelative score g(a, b, S) (a,b,€ Vand S C V\ {a,b}) iscomputed on the basis
of only those cases which are” complete” regarding the involved variables a,b and S. The other
cases are simply ignored. When the probability for a value to be missing is reasonably small,
for example p, = 5%, one can expect that quite alarge fraction of the data set can be used for
computing the score g(a, b, S), particularly when it is of reasonably low order |S|. Low orders
are desired in hypothesis tests al so because the results are more reliable in general.

For instance, a score of zeroth order involves the data concerning two variables. In this sit-
uation, a fraction of (1 — p,)? ~ 90% of the cases in the data set can be expected to be
complete. Scores of third order involve 2 + 3 = 5 variables so that one can expect a fraction
of (1 —p,)® ~ 77% cases to be complete regarding the five variables of interest. In contrast,
if the domain involves 37 variables, like in the alarm network, then only (1 — )*" ~ 15% of
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the cases can be expected to be complete. This illustrates that a large fraction of the data can
be used for computing scores, which are typically of low orders, even if only a rather small
fraction of the casesis actually complete.

Besides incomplete data, also hidden or latent variables might play an important role in prac-
tice. A variable is called hidden or latent if its values are never observed. When learning
in Bayesian networks with hidden variables, one has to be aware of two facts. First, the so-
called aliasing can entail problems [30,31]. Second, the probability distribution described by a
Bayesian network with hidden variables belongs to the so-called stratified exponentia family,
whereas a Bayesian network without latent variables describes a distribution which belongs to
the curved exponential family [64—66]. An important implication of thisfact isthat the BIC' is
avalid asymptotic approximation of the log marginal likelihood in the latter case [78], whereas
this might not hold in the presence of hidden variables. For details on exponential families,
the reader is referred to [6]. Moreover, let us mention that, in a causal discovery setting, the
existence of hidden variables can be induced in domains comprising continuous variables with
a Gaussian distribution, as described in [142].
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6

Inducing DAGs given Skeletons

The previous two chapters were concerned with determining skeletons. In order to arrive at
directed acyclic graphs (DAGS), this chapter focuses on an operator which orients the edges
present in a skeleton. Rather than relying on the induced conditional independences and de-
pendences, like state-of-the-art constraint-based algorithms do, this operator is aimed at induc-
ing the DAG with the highest score from among all the DAGs with the same skeleton. This
operator has proven to be quite robust in our experiments when given finite data. It was also
outlined —in adlightly different context —in [143].

Constraint-based algorithms tend to yield DAGs with too few edges, compared to the optimum
in the space of all DAGs (cf. Section 4.3.4). For this reason, a post-processing step to the
constraint-based approach is necessary if one aims at inducing local optima with respect to a
scoring function. A simple greedy scheme is presented. Finally, our approach is compared to
established learning algorithms using artificial and real-world datain our experiments.

6.1 Orienting the Edges

In the following, we describe an operator aimed at finding the optimal orientations, with respect
to a scoring function, given askeleton. The search space is a subspace of the space of DAGs. It
contains all those DAGs whose skeleton isidentical with the given graph. For practical reasons,
model uncertainty regarding the orientations of edges is ignored by this scheme, and exactly
one DAG is thus found when given a skeleton.

When structural learning is carried out with a score-equivalent scoring-function, one can typ-
icaly only aim at inducing the equivalence class rather than a particular DAG (cf. Section
3.1.3). The fact that two DAGs are equivalent if their skeletons and their colliders are identi-
cal [148] suggests to orient the edges involved in colliders first and then the remaining edges,
as described in [142]. Such an approach requires that the colliders can beinduced from the data
given the skeleton. Typically, constraint-based approaches achieve this by combining induced
conditional independences and dependences [142]. Since this approach is known to be quite
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unstable when given finite data sets [142], we present an operator which is based on scores
assigned to each of the colliders. This renders a greedy hill-climbing approach possible, i.e.
the colliders are oriented according to their scores, beginning with the largest one.

The operator employs apartially directed acyclic graph (PDAG), i.e. agraph which can contain
directed as well as undirected edges. At the beginning of the learning process, it contains
the same (undirected) edges as the given skeleton, while some edges might be oriented at an
intermediate stage. Eventually, al the edgesinthe PDAG are directed, representing the induced
DAG. In the PDAG, a structure which is a candidate for being a collider involves three nodes
a, b and ¢ such that there is an edge between « and b as well as between b and ¢, and no edge
between a and ¢. Such atriple of variablesis caled acollider candidate in the following.

6.1.1 Scores of Collider Candidates

This section is concerned with assigning a score to a collider candidate involving the variables
a, b and c. Given an intermediate PDAG mjy, the score g.oi(a, b, ¢ | m;,;) of acollider candi-

date is based on an idea very similar to the one in Section 3.1.2, which led to relative scoring
functions. Consequently, g..1 can be viewed as a relative scoring function regarding colliders.
It is obtained by comparing such DAGs with each other which are identical except for the ori-
entations of the edgesa ~ b and b ~ ¢ involved in the collider candidate. In particular, the
variables a, b and c have the same parents asin the PDAG ny,¢, namely pa,,.  (a), pa,,.  (b),

and pa,,, (c), respectively. The DAG m,, containing the collider a — b < c is depicted in
Figure 6.1, while the three alternative DAGs m._, m_, and m ., concerning the orientations of

theedgesa ~ b and b ~ ¢ are shown in Figure 6.2.

Figure 6.1: The DAG m,, contains the collider a — b + c. For brevity, the notation r, =
pa,, (a), m, = pa,, (b)\ {a,c}, and 7. = pa,, (c)isused. The dots represent the
remaining network structure which isidentical with the onesin Figure 6.2.

Similarly to the relative scoring functions discussed in Section 3.1.2, we focus on the score of
the DAG m,,) relative to each of the three aternative DAGs. This leads to the following three
relative scoring functions regarding collider candidates, where the absolute scoring function is
again assumed to be decomposable:
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Figure 6.2: The three DAGs showing the alternative orientations of the edgesa ~ b and b ~ ¢
compared to the DAG m,, in Figure 6.1.

ge(a,b,c|ming) = f(meo) — f(me)
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where we have used the relative scoring function ¢ (cf. Section 3.1.2)! As before, the decom-
posability of the absolute scoring function leads to a considerable simplification. In each of the
three cases, the relative scoring function only depends on the three variables involved in the
collider candidate as well ason their parents, whereas the remaining variables have no impact.
A single score regarding a collider candidate can be obtained by the following definition:

Jeol(@,b,¢|mint) = min{g(a,b,c|mint),
g—)(a:bzc|mint): gH(avbvclmint)} (611)

This means that the collider is compared to the best aternative. In other words, if
Jeol(a, by c| min) > 0, this score isalower bound for the increase in the absolute score, when
these edges are oriented like a collider compared to one of the alternative graphs without that
collider. If geoi(a, b, c|mint) < 0, itisabound for the maximal decrease in the absolute score
when these edges are oriented like a collider compared to one of the aternative orientations.
This definition hence increases the robustness of the operator described in the following.

1Since the scoring function of collider candidates involves the differences in the relative scoring function g, the
v’ -test is not applicable here, as there does not exist a corresponding absolute scoring function.
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6.1.2 Orienting the Colliders

Let usfirst introduce some notation. The operator presented in the following uses two kinds of
directed edges, a proposed orientation and a fixed one. The former is denoted by an arrow like
"—", whereas the | atter is sketched by a double-arrow, like ”=". This distinction will become
clear in the next section. At the moment, only the fixed orientations ("=") are relevant.

In the first step, the operator determines the colliders. A collider candidate in the intermediate
PDAG iyt has to be of the form a — b + ¢ where +€ {~, <} and =€ {~,=} ("¢

and "—" are dummy arrows). In particular, the edges are not allowed to be aready oriented
likeacollider a = b < ¢, or likea < b or b = c. After the score g.o1(a, b, ¢ | mi,¢ ) has been

calculated for each collider candidate (cf. Section 6.1.1), the collider candidate with the largest
SCOre geol(a, b, ¢ | mins) > v isoriented like a = b < ¢, where v is the used threshold value
(cf. Table 5.5). For example (cf. Figure 6.4 (1)), assume that both the collidersa — b < ¢
and b — ¢ « d are favored by the scores g.oi(a,b,c|mint) > v and geoi(b, ¢, d | ming) >

~. Apparently, both colliders cannot be present smultaneously. This might indicate model
uncertainty regarding the orientations of edges. Since the operator is greedy, thisinconsistency
is resolved by choosing the collider with the largest score. In this example, thisis assumed to
be the collider b — ¢ + d.

After acollider has been oriented, it has to be ensured that a directed cycle cannot occur in the
PDAG after an additional edge will be oriented. This is accounted for by orienting such edges
in the contrary direction such that the occurrence of adirected cycleis avoided. For simplicity,
the scoring function is disregarded at this step. After a collider or an edge have been oriented
inthe PDAG mijynt, for somea, b, ¢ € V the scores geqi(a, b, ¢ | m;n; ) have to be updated, taking

into account changes in the parents of some variables. The operator cycles through the above
steps as long as there are collider candidates with a score larger than the threshold value . As
aresult, this scheme yields a PDAG where the colliders have been determined.

6.1.3 Orienting the Remaining Edges

After the colliders have been found, the algorithm orients the remaining undirected edges.
Guided by the heuristics of parsimony, the aim isto find the orientations of the remaining edges
such that a minimal number of additional colliders occurs. In the ideal case, where a perfect
map of the probability distribution for the variables exists, thisis possible without introducing
an additional collider [142].

For simplicity, a greedy scheme is employed. It comprises two procedures, namely
ProposeOrientations (cf. Algorithm 6.1) and FixzOrientations (cf. Algorithm 6.2). The
former proposes the orientations of edges by arrows of the kinds”—", "+" and "«". These
directions are only temporarily valid, and might be changed by the latter procedure. The edges
oriented like =" and "<«=" by FixOrientations are fixed in the sense that their orientations
cannot be altered in the remaining process.
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procedure ProposeOrientations

input:  PDAG m;,; with edges ~, =, <.

output: PDAG m;,; with edges ~, =, <, =, «, &.

(1) Ya,b,c € V: if a <= b + ¢ with =€ {=,—>,+} and
—c {~,+} and no edge between a and ¢ then substitute
either b~c by b—>c or b c by b&c.

(2) Va,b € V: while 3 a b and 3 a = x1,...,zy = b (¢ > 2)
such that ;-1 < w; (i = 2,...,q) with =€ {=,—,+} then
substitute a < b by a < ).

(3) while edges can be oriented go to (1).

Algorithm 6.1: The procedure ProposeOrientations tries to orient the edges in such a way
that no additional colliders occur. If this isimpossible then the involved edges are oriented in
"both” directions, indicated by ” <.

procedure FixzOrientations

input: PDAG my,:, data D

output: PDAG mijps

(1) call ProposeOrientations.

(2) substitute the edges a —+b by a = 0.

(3) among all structures of the form a <+ b < ¢ without
an edge between a and c, orient the one with the highest
score geol(a,b,clminy) like a = b < c.

(4) if edges like > are present, substitute them all by
~ and go to (1).

each time an edge has been oriented like = or <«:

(¥) Ya,b € V: while 3 a « b with <€ {~,+,—, ¢} and
3 a==a1,..2y =b (¢ > 2) such that x; | = x; (i = 2,...,q)
then orient a =b.

Algorithm 6.2: This procedure resolves inconsistencies regarding the orientations of edges
(indicated by " «+") by using the scoring function g.,.

The procedure ProposeOrientations (cf. Algorithm 6.1) aims at orienting the edges such that
an additional collider does not occur. In particular, step (1) isconcerned with avoiding colliders.
If it isimpossible to find an orientation of the edges without introducing an additional collider,
the involved edges are marked as "<«»”. For illustration, Figure 6.3 (1) sketches a PDAG, in
which the induced colliders lead to inconsistencies when orienting the edges not yet directed.
This is because the collider « = ¢ < b requires the edge between ¢ and d to be oriented
like ¢ — d which then entails the orientation d — ¢, and finally e — f (see Figure 6.3 (2)).
This results, however, in an additional collider at variable f. In contrast, when the orientation
process had begun at the other collider, ¢ = f < h, the occurrence of an additional collider
a f, e or d could only have been avoided by orienting the edges like ¢ + f, d < e and
¢ « d (cf. Figure 6.3 (3)). This entails, however, an additional collider at c. Hence, the edges
cannot be oriented without introducing an additional collider in either one of the cases. Hence,
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Figure 6.3: This simplistic example shows how the procedure ProposeQOrientations indicates
inconsistencies regarding the orientations of edges.

the procedure ProposeOrientations (cf. Algorithm 6.1) orients the involved edges in ” both”
directions, indicated by edges of the sort "«»”. Thisis depicted in Figure 6.3 (4).

Since directed cycles can occur at step (1) of Algorithm 6.1, the second step orients edges
involved in cycles in "both” directions ("+"). Thisis illustrated in Figure 6.4. The single
collider, b = ¢ < d, causes step (1) to yield adirected cycle, namelyd = ¢ - g = f > e —
d. The involved edges are thus marked as” <" in step (2).

The inconsistencies indicated as " " by ProposeOrientations (cf. Algorithm 6.1) can be
related to model uncertainty regarding the orientations of edges. Our operator resolves these
inconsistencies in a greedy way for simplicity so that a single DAG is eventually induced.
This is done by the procedure FizOrientations (cf. Algorithm 6.2). In step (2) of the
procedure FixzOrientations, the orientations of those edges are fixed (by a double-arrow
"=" or "«=") which are not involved in an inconsistency. However, when the procedure
ProposeOrientations yields an edge of the type "«”, an additional collider has to be in-
troduced. Such a collider is determined in step (3) of the procedure FixOrientations (cf.
Algorithm 6.2). This is done in a greedy way, namely by orienting that collider candidate
a ¢ b + c asacollider which is assigned the highest score g.,1(a, b, ¢ | min ). Unlike when
determining colliders in Section 6.1.2, the scores concerning collider candidates are allowed to
be negative here. In case of a negative score, orienting the highest-scoring edges like a collider
corresponds to decreasing the absolute score by as little as possible.

Like the procedure ProposeOrientations, dlso FixOrientations has to ensure that a di-
rected cycle cannot occur when fixing the orientations. Hence, step () has to be carried out
each time an edge has been oriented like "<" or "=" by the procedure F'izOrientations.
The step (x) focuses on possible cycles due to edges whose orientations are already fixed,
i.e. edges of the kind "=", whereas step (2) in ProposeOrientations (cf. Algorithm 6.1)
accounts also for proposed orientations ("—"). In step (4) of FixOrientations, the edges
indicating inconsistencies are altered to undirected ones in the PDAG before the steps (1)
through (4) are repeated. The interplay between the two procedures ProposeOrientations
and FiaxOrientationsisillustrated in Figure 6.4.

After FixOrientations has resolved al the inconsistencies, undirected edges might still be
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Figure 6.4: This example illustrates theinterplay between the procedures ProposeOrientations
and FixOrientations when an inconsistency due to a directed cycle occurs. It is assumed that
b = ¢ < disthe only collider induced according to Section 6.1.2, cf. PDAG (2). When the
remaining edges are oriented, ProposeOrientations indicates inconsistencies (" «+»") due to the
possibility of adirected cycle, cf. PDAG (3). Hence, an additional collider hasto be introduced.
FixOrientations chooses the one with largest score. Assume that thisis the collider at variable
f, cf. PDAG (4). In the subsequent steps, no inconsistencies occur, and the orientation of the
edge ¢ ~ g can first be proposed in PDAG (5), and finally be fixed in PDAG (6). The edges
a ~ bandd ~ e can be oriented in either direction in equivalent DAGs.

present in the PDAG, e.g. theedgesa ~ band d ~ e in Figure 6.4 (6). These undirected edges
are oriented in afina step of the edge-orientation procedure by randomly picking one of those
edges and by assigning to it arandom orientation. Since further inconsistencies might arise, the
procedure FizOrientationsiscaled in order to orient the edges affected by this assignment.
Thisisrepeated until al edges have been oriented so that a DAG is eventually obtained.

6.1.4 Experiments with the Operator

In the following experiments, some light is shed on the stability of the presented heuristic
operator orienting the edges. The operator is used together with simple strategies for including
and removing edges, resulting in a search strategy for finding DAGs. Let it be called the
skeleton search strategy in the remainder of this section. In order to pronounce the power
of the above operator, the skeleton search strategy is quite simple on purpose. It works as
follows. starting out with the empty DAG, the graph is optimized by in turn carrying out
rounds comprising the following three steps:

(i) apply the presented operator,
(i) carry out one step of forward inclusion in the space of DAGS,

(iii) perform backward elimination in the space of DAGs.
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After the orientations of the edges have been optimized by the presented operator in step (i),
the second step includes the edge which improves the score by most. Of coursg, it has to be
ensured that no directed cycles occur in the resulting graph. In this scheme, at most one edge
isincluded in each round so that the presented operator can optimize the orientations before
the next edge isincluded. The third step allows the algorithm to remove edges. They might
have been included in previous rounds where the orientations of some edges might have been
different. It can occur that this simple search strategy oscillates among two or more DAGs at
the end of the search process, i.e. it may not converge to a unique DAG. This is because the
presented operator is non-local in the sense that it can simultaneously change the orientations
of more than one edge. For instance, it can occur that an edge is included into the graph
after optimizing the orientations in the one round, whereas in the successive round, the above
operator orients edges differently entailing the removal of that edge again, and so on. The
stopping criterion of the algorithm has to account for this. We thus keep track of the most
recent DAGs and eventually choose the one with the highest score. For simplicity, the aim of
this scheme isto induce a (local) optimum rather than to account for model uncertainty.

Thetime-evolution of atypical search process isdepicted in Figure 6.5, where the data set was
sampled from the alarm network [8] (see also Appendix B). In this experiment, the posterior
probability with conjugate priors and the equivalent sample size N = 1 served again as the
scoring function, see e.g. [81] and Section 3.1.4. Also, we committed ourselves to a uniform
prior for the DAGs, i.e. p(m) = const, and imposed no constraints on the network structures.
The threshold value v/2 = 3 was used in order to include only those edges into the graph
which lead to some notable increase in the score of the DAGs (cf. Table 5.5). Since at most
one edge is added in each round, the overall number of rounds cannot be smaller than the
number of edges in the induced DAG. As shown in Figure 6.5, the number of edges in the
intermediate graph increases rather quickly before the end of the search process is reached.
Since the information about a correct ordering on the variables is not given as input to our
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Figure 6.5: Time evolution of the number of edges during the learning process in one of our
experiments with the alarm network. A sample with 2, 000 casesis used. The solid line indi-
cates the overall number of edges present in the intermediate graph m,,; after each round; this
number is subdivided into the edges which are present in the original alarm network (dashed
line) and the ones which are not (dotted line).
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Figure 6.6: In our alarm-network experiments, the posterior probability of the DAG m induced
by the skeleton search strategy is compared to the DAG mi2 resulting from the K2 search
strategy. The geometric mean of 5 samples of each size is depicted.

algorithm, edges are " erroneously” included into the graph during the search process. Towards
its end, after the orientations of the edges have been established, most of the edges erroneously
included are again removed in this example.

Since a (partia) ordering on the variables is known in this experiment, the K2 search strategy
[33, 34] is applicable, and can be used in comparison. Since the K2 algorithm requires an
initially specified ordering on the variables, one can expect this search strategy to be quite
stable, even when given rather small samples. This was confirmed in [81], where the DAGs
with the smallest structural differencesto the original alarm-network structure were induced by
the K2 algorithm rather than by local search, although the latter was applied in agreedy scheme
as well as in combination with simulated annealing. In the experiment depicted in Figure 6.5,
the skeleton search strategy found a DAG with a higher score, i.e. posterior probability, than
the K2 search strategy did2

In order to examine the stability of the presented operator when given different sample sizes, we
applied the skeleton search strategy to data sets of various sizes, sampled from the probability
distribution described by the alarm network [8]. In Figure 6.6, the skeleton search strategy is
compared to the K2 search strategy. Given only small samples (with fewer than 2, 000 cases),
our simple strategy gets stuck at alocal optimum which is far from the globa one. The prior
knowledge about a correct ordering on the variables seems to be beneficial to the K2 procedure
when given very small samples. When given samples with at least 2, 000 cases, however, our
search strategy finds DAGs with a higher score than the K2 search strategy does, although the
skeleton search strategy does not use any prior knowledge about the ordering on the variables.

Besides the artificia data sampled from the alarm network, we also used real-world data in
our experiments. The three data sets (BOS), (ENV) and (SEW) are described in Appendix B.

2\When comparing the different search strategies in our experiments, we used the same scoring function in each
of which. Here, the K2 agorithm is thus used with a scoring function which is slightly different from the K2 metric
originally employed in [33, 34].
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data || # variables 5-fold cross-validation:

set skeleton search | local search
(BOS) 14 1.9+0.1 2.140.1
(ENV) 11 0.88 +0.02 0.92 +0.04
(SEW) 5 0.050 £ 0.003 | 0.051 £0.003

Table 6.1: Experiments with three real-world data sets, where the results are assessed by 5-fold
cross-validation. The mean and the standard deviation of the Kullback-Leibler divergence is
denoted. Small values indicate good learning results.

In these experiments, we chose the Bayesian Information Criterion (BIC') to be the scoring
function in structural learning. Given an induced DAG m, the parameters 4,, of the Bayesian

network were calculated in a Bayesian way according to Equation 3.1.35. Conjugate priors
and a small equivalent sample size N' = 5 were used, like in [81]. We compared the skele-

ton search strategy to the greedy algorithm based on local search, cf. [81]. The K2 algorithm
cannot be applied in this case, as a correct ordering on the variables in the real-world data is
unknown. The Bayesian networks determined by the different search strategies are assessed
by 5-fold cross validation (see also Appendix A). The results are shown in Table 6.1. Ap-
parently, both search strategies performed very similarly. The skeleton search strategy yields
dlightly better DAGs than local search does for each of the data sets. Regarding the data sets
(ENV) and (BOYS), the differences in the two search strategies might be considered notable, be-
cause the means appear to be separated to a degree comparable with the value of the standard
deviation (cf. Table 6.1). This does not hold for the data set (SEW), where the differences con-
cerning cross validation appear to be negligible. However, the skeleton search strategy found
the global optimum with respect to the scoring function BIC' in the experiment with this data
set,3 whereas greedy local search got stuck at alocal optimum.

6.1.5 Discussion

The above operator is similar to the schemes used in the SGS and PC algorithms [142]. How-
ever, the presented operator employs a scoring function which assigns a score to each collider
candidate. This renders a greedy approach possible. In contrast, the SGS and PC agorithms
determine a collider on the basis of the induced conditional independences in aqualitative man-
ner. Moreover, possible inconsistencies regarding the orientations of edges are disregarded by
the SGS and PC algorithms, assuming the existence of a perfect map. If inconsistencies occur,
the order in which these algorithms proceed through the variables has a crucia impact on the
final DAG. Furthermore, the occurrence of directed cyclesisnot strictly prevented. Both issues
are noted in [38]. Thus, the SGS and PC algorithms are only correct if the probability distri-
bution is perfectly known and if there exists a perfect map [142]. When given finite data sets,

3Since the data set (SEW) contains only 5 variables, exhaustive search was feasible to determine the global
optimum.
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the edge-orientation schemes employed by the SGS and PC agorithms are, however, rather
unstable [142]. The above operator does not exhibit these weaknesses, and it can be expected
to be quite stable, as confirmed in our computer experiments in the previous section.

When evaluating the score, the presented operator accounts for the parents of the three variables
making up a collider candidate. Consequently, a variable with an extremely large number of
parents cannot appear in the final DAG, as this is prevented by the term penalizing model
complexity, inherent in the scoring function. In contrast, the SGS and PC algorithms do not
account for the parents of the collision node when determining colliders. Thiscan lead to avery
large number of parents of that variable, giving rise to a Bayesian network with an extremely
high model complexity. A consequence isover-fitting, and in the most extreme case the number
of parameters can be so large in the Bayesian network that it does not fit into the main memory
of acomputer.

A shortcoming of the above operator might be its greedy nature, both when determining the
collidersin the first step and when resolving the inconsistencies encountered in the subsequent
step. Moreover, directed cycles are avoided by a simple heuristics which does not take into
account the scoring function at all. This keeps the operator quite simple, but might also cause
this scheme to get stuck at alocal optimum. Nevertheless, this greedy operator can serve as an
efficient way for finding close-to-optimum orientations, as confirmed in our experiments.

The inconsistencies, indicated as "<+ by ProposeOrientations (cf. Algorithm 6.1), are
related to uncertainty regarding the orientations of edges. Hence, graphs like the ones in
the Figures 6.3 (4) and 6.4 (3) can provide some additional insight in model uncertainty.
This kind of graph is obtained by determining the colliders and applying the procedure
ProposeOrientations. Moreover, one might be interested in displaying model uncertainty
regarding both the presence and the orientations of edgesin asingle graph, asit was donein the
PRONEL project [120]. Inthisproject, given the preliminary summary graph (with the ambigu-
ous regions), the edges were oriented on the basis of the induced conditional independences
by an algorithm similar to the edge-orientation schemes in the PC or FCI algorithms [142]. In
many of our experiments, however, it appeared that amost every edge was oriented like " +”.
On the one hand, this can be interpreted as a large uncertainty regarding the orientations of
edges. On the other hand, such a graph does not necessarily provide notably more information
about the orientations than a skeleton or a summary graph do. Hence, a scheme which can
resolve the inconsistencies regarding the orientations is essentia for inducing the directions in
aloca optimum, like for instance FizOrientations. Uncertainty regarding the orientations
might be explored by running the above operator repeatedly, each time starting out from the
given skeleton: in each run, the directions of the edges are fixed with a probability depending
on the corresponding scores, similar to simulated annealing. According to our experience, the
interpretation of the orientations may better be based on the k highest-scoring DAGs than on a
graph showing many edges oriented like "+

Orienting the colliders can be viewed as a local approximation, which is similar to the ap-
proach concerned with the presence of edges in the previous chapters, leading to the necessary
path condition. Here, the colliders are determined on the basis of the three variables involved
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and of their parents, while the remaining network structure is disregarded. The procedure
ProposeOrientations accounts for the non-locality of the learning problem, asit tries to ori-
ent all edgeswithout introducing additional colliders. Naturally, this can lead to inconsistencies
(cf. for instance the Figures 6.3 and 6.4), asit is based on the colliders previously oriented by a
local approximation. The occurrence of inconsistencies can hence be viewed as a conseguence
of combining the orientations which have locally been determined in order to achieve asolution
regarding the entire graph.

We note that the edges oriented in "both” directions ("«»") by the procedure
ProposeOrientations may not be confused with a similar kind of edges, also oriented in
both direction. The latter kind of edges plays an important rolein causal discovery settings, in-
dicating the presence of hidden variables whose existence can be determined in domains where
al variables are continuous with a Gaussian distribution, as described in [142].

6.2 Finding Optimal DAGs

The edges determined by the constraint-based approach, whether employing one of the variants
of the necessary path condition or not, are present with a high degree of certainty in optimal
DAGs. Conversely, all the edges present in an optimal DAG are not necessarily contained in the
parsimonious skeletons. Thiswas discussed in the Sections 4.3.4 and 5.4.3. For thisreason, the
constraint-based approach is not appropriate for directly finding optimal DAGs. Nevertheless,
if one aims at finding (locally) optimal DAGs, the edges determined by the constraint-based
approach can serve as a basis for other learning algorithms applied subsequently. In principle,
such schemes can operate in the space of skeletons or in the space of DAGs. However, only
a necessary rather than a sufficient condition for finding optimal DAGs can be applied in the
space of skeletons. This requires that the final step has to take place in the space of DAGs (or
equivalence classes). For simplicity, we focus on schemes applicable in the space of DAGS,
where the DAGs determined by the constraint-based approach serve as the starting graphs. For
instance, local search might be carried out. This can be done in a greedy way or combined
with simulated annealing, where a relatively small starting temperature might be desirable in
order to stay in the vicinity of theinitial DAGs during the search process. A very simple search
strategy is used in the experiments carried out in the next section. It comprises four successive

steps:

(i) parsimonious skeletons are determined by means of the necessary path condition,

(ii) each parsimonious skeleton is transformed into a DAG by the edge-orientation operator
described above,

(i) forward inclusion is carried out in each DAG,

(iv) backward elimination is performed in each DAG.
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Let the first two steps, described in this and the previous chapter, be called the first extension.
It yields DAGs containing the same edges as the parsimonious skeletons. Since the DAGs
induced by the first extension are expected to contain a (slightly) smaller number of edges than
the optimal ones, the forward inclusion step is necessary for finding (close to) optimal DAGs.
If an edge can be included in either direction with the same improvement in the score, its
orientation is chosen randomly. Often, the orientation is, however, determined by the required
acyclicity of the resulting graph. Since the orientations assigned in the steps (ii) and (iii) are
not altered at a later stage by this scheme, it is crucial that only a few edges are included or
eliminated. The last step comprising backward elimination accounts for the edges which have
"erroneously” been included due to the heuristics aimed at reducing the number of computed
scores (cf. Section 5.4.3). This number can, however, be expected to be rather small, and this
step is hence of minor importance.

Let uscall the greedy scheme comprising all four steps the extended algorithmin the remainder
of this chapter. It determines DAGs having some edges added (or removed) compared to the
first extension. This simple scheme can be expected to work well if step (i) yields skeletons
which are close to optimum.

Since the steps (ii), (iii) and (iv) are carried out for each of the graphs found in step (i), alarge
number of parsimonious skeletons is prohibitive in this simple scheme. Caching of the com-
puted scores can be used for speeding up computations considerably, as the different skeletons
are very similar to each other.

One might be concerned that different skeletons induced in the first step eventually lead to the
same DAG after adding and removing edges in the last two steps of the extended algorithm.
Indeed, this occurred in our experiments, but only in a small number of graphs (fewer than
10%). Hence, ailmost every DAG induced by the extended algorithm corresponds to a different
local optimum of the scoring function. Among those, the two DAGs with the highest score are
considered in the following experiments.

From aBayesian point of view, one might be interested not only in the different local optima of
the posterior probability when used as the scoring function, but also in the "width” of the scor-
ing function at each optimum. Loca search might be a suitable search strategy for exploring
whether the scoring function exhibits a sharp peak at an optimum, i.e. the neighboring DAGs
have a considerably smaller posterior probability than the optimum, or whether the posterior
probability of an optimum is only dslightly larger than the one of some DAGs in its vicinity.

6.3 Experiments

In the experiments in Chapter 5, the skeletons induced by the constraint-based approach em-
ploying the necessary path condition could be compared to the original alarm-network structure
in aqualitative way only. Now, the operator for orienting the edges, as described at the begin-
ning of this chapter, enables us to determine DAGs. The found DAGs can be compared to each
other in a quantitative way, for instance by means of the (absolute) scoring function or by cross
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validation (cf. Appendix A). For this reason, the learning accuracy of the different approaches
can be assessed also when applied to real-world data, besides artificial data sampled from a
known Bayesian network.

6.3.1 The Alarm Network

Continuing the experiments of the previous chapter, we compare the DAGs determined by the
extended agorithm (cf. Section 6.2) to the one found by the K2 algorithm [33,34]. The latter
agorithm is chosen because of two reasons. First, a correct ordering on the variables is known
in this experiment, as required by the K2 algorithm. Second, the K2 algorithm performed ex-
tremely well in the alarm-network experiments regarding structural differences [34, 81]. Other
approaches like local search, possibly combined with simulated annealing, led to DAGs with
alarger structura difference than the one determined by the K2 algorithm [81]. This is not
unexpected, since the knowledge about a correct ordering on the variables was only given to
the K2 algorithm.

Like before, we assume uniform priors for the DAGs, and use the posterior probability with
conjugate priors and the equivalent sample size N' = 1 as the scoring function. In order to
compare the different search strategies, this scoring function is also applied to the K2 search
strategy [34] (instead of the origina K2 metric). Moreover, the threshold value takes the same
value as before, namely + = 3. In step (i) of the extended algorithm, the least strict si-path is
employed by the necessary path condition (cf. Definition 4.16).

In Figure 6.7, the DAG induced by the K2 search strategy is compared to the two highest-
scoring DAGs found by the extended algorithm. Apparently, the best DAG induced by the
extended algorithm is Markov-equivalent to the original alarm-network structure i, When
given large samples (> 30,000 cases). Down to samples containing as few as 800 cases,
the extended algorithm induces DAGs with a higher posterior probability than assigned to the
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Figure 6.7: The result of the K2 algorithm (OJ) is compared to the best and second-best DAGs
found by the extended algorithm (e, x). mq.i is the original alarm-network structure, and the
geometric mean of 5 samples of each size is displayed.
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Figure 6.8: The K2 agorithm (O) tends to include one edge more than the extended algorithm
(best DAG, o). In comparison to that, also the number of edges found by the constraint-based
approach employing the least strict si-path is shown (x) (mean of 5 samples of each size).

origina DAG myig.

Regarding the second-best DAG found by the extended algorithm, the posterior probability
increases and eventually exceeds the score of the original aarm-network structure, when the
sample size decreases from initially large values. This indicates that model uncertainty in-
creases as the sample size diminishes. When the posterior probabilities of the best and the
second-best DAGs approach each other, model averaging can lead to an improvement in the
predictive accuracy (cf. Section 3.2). However, even at small sample sizes, the difference in
the posteriors is still of some orders of magnitude (cf. Figure 6.7). For this reason, model av-
eraging might not lead to a notable improvement in the predictive accuracy in this experiment,
because the average is dominated by the best model (cf. also Section 3.2). A similar result was
also found in [81]. Since model uncertainty increases further when the sample size drops to
very small values, one might expect the posterior probability of the %-best induced DAGs to
rise even further. Instead, when given samples with fewer than about 600 cases, the extended
algorithm yields DAGs with posterior probabilities smaller than the one of the original DAG.
This indicates that, given very small data sets, the extended algorithm might not find networks
close to the global optimum. The reason is that, when the sample size is very small, the num-
ber of edges determined in step (i) of the extended algorithm is considerably smaller than the
optima number. This was discussed in Section 5.6.2 (cf. Figure 5.19). In this case, simply
applying forward inclusion in the subsequent step does not necessarily lead to a solution close
to optimum (cf. also Figure 6.7).

The original alarm network contains 46 edges (cf. Figure 5.16). As shown in Figure 6.8, this
number isfound by the extended algorithm only when given quite large sample sizes (> 30, 000
cases). This number decreases gradually as the sample size diminishes. Over alarge range of
sample sizes, 45 edges are found to be present in the best DAG, obtaining a larger score than
the origina network structure. In fact, the best DAG determined by the extended agorithm
is Markov-equivalent to the original one, except for the edge o — =15 which is favored
to be absent by the scoring function (cf. the original DAG in Figure 5.16). This is because
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the penalty term regarding model complexity, inherent in the posterior probability, dominates
over the improved fit of the Bayesian network model containing the edge m»> — w15. This
experiment shows that the original DAG is hot necessarily the optimum, since a less complex
model is often favored at smaller sample sizes.

In comparison to that, the K2 algorithm yields DAGs with a notably smaller score than the
best or second-best DAGs determined by the extended algorithm at all sample sizes except for
rather small ones. The reason isthat the K2 strategy tends to include an extra edge compared to
the origina alarm-network structure. This is caused by the greedy nature of the K2 algorithm,
as noted in [34]. This additional edge can aso be inferred from Figure 6.8, which shows that,
over alarge range of sample sizes, the K2 agorithm yields one edge more than the extended
algorithm. As the sample size decreases, the penalty regarding the additional model complex-
ity (due to the extra edge) reduces so that the posterior probability increases. Eventualy, it
exceeds the one of the original DAG, showing that the knowledge of the correct ordering on
the variables helps the K2 search-strategy grestly at small sample sizes.

The DAG mp recovered by the PC algorithm (also using the posterior probability asthe scor-
ing function, cf. Equation 3.1.34) is assigned the score ”((mPC)) < 1072000 and the best graph

mirst iNduced by the first extension gets a score of ’% ~ 2.3-107%0 (geometric mean of 5
samples containing 2, 000 cases each). This shows that the necessary path condition leads to a
considerable improvement in the constraint-based approach. Nevertheless, the induced DAGs
are still far from the global optimum, as a so the necessary path condition tends to yield graphs
with too few edges. A subsequent step of optimization — achieved by including additional edge
—is hence necessary.

6.3.2 Real-World Data

Besides the above experiments with artificial data, we aso used the three rea-world data sets
described in Appendix B. In the following experiments, we focus on the posterior probability
with conjugate priors serving as the scoring function. A uniform prior for the network struc-
tures and the threshold value v = 0 are used, because the latter value led to the best results in
the following experiments (cf. aso Section 5.6.2). The scoring function itself can have quite
some influence on the induced graphs, as examined in Section 5.6.2. The equivalent sample
size N’ isafree parameter in the Dirichlet prior inherent in the employed posterior probability.
For this reason, we calibrated the posterior probability by means of a sensitivity analysis. The
predictive accuracy of the induced Bayesian networks was assessed by cross validation (cf.
Appendix A).

Different variants of the presented learning a gorithm are compared to each other and to estab-
lished schemes:
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e the original PC agorithm,
e amodified PC agorithm,
o thefirst extension (cf. Section 6.2), based on the strictest or on the least strict si-path,

e the extended algorithm (cf. Section 6.2) employing the most strict si-path in the neces-
sary path condition in step (i),

e local search (greedy hill-climbing), starting from the empty graph (cf. also Section
3.3.1),

e local search combined with simulated annealing, beginning at the empty graph (cf. also
Section 3.3.1),

e exhaustive search in the space of DAGs if tractable.

The PC agorithm is a typical constraint-based scheme, assuming the existence of a perfect
map, and hence not employing a necessary path condition. In the modified PC algorithm,
the y2-test is replaced by the the posterior probability (cf. Section 3.1.4). Besides that, the
presented edge-orientation operator (see Section 6.1) is used instead of the original procedure.
While the (modified) PC algorithm determines the certainly-present edges, the benefits of the
necessary path condition become apparent in the first extension, yielding ambiguous edges
besides the certainly-present ones. We also examined the difference between the least strict
si-path and the most rigorous one, i.e. the si-4-path and the si-2-path (cf. the Sections 4.3.3
and 4.3.2). In the extended algorithm, the post-processing step comprising forward inclusion
and backward elimination eventually leads to (local) optima. These DAGs are compared to two
popular variants of local search, examined in [81]. In domains with only a few variables, we
also apply exhaustive search. Although the K2 algorithm typically yields very good results, it
is not applicable to the real-world data sets, as a correct ordering on the variables is unknown.

Data on Environmental Influences

The data set on Environmental Influences on the Condition of Trees [51] is slightly modified
for the use in our experiments, as described in Appendix B. Table 6.2 shows the results of the
sensitivity analysis: the Bayesian networks entailed by an equivalent sample size of N ~ 40

appear to perform best concerning cross validation. In comparison to that, when the Akaike
Information Criterion (AIC') isused for structural learning, and when the parameters are sub-
sequently calculated in aBayesian manner with NV = 40 (cf. Equation 3.1.35), cross validation

yields 0.68 4 0.02 for the Kullback-Leibler divergence. This value is slightly worse than the
ones entailed by the posterior probability.

The value of N/ = 40, as suggested by the sensitivity analysis, was used for determining the
graphs shown in Figure 6.10, except for the skeleton (A). The latter was recovered by the PC
algorithm employing the \?-test with a significance level of « = 5%. Graph (B) was found
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equivalent 5-fold cross validation:
sample size N’ || extended algo. \ local search (greedy)
10 0.66 £ 0.05 0.67 £ 0.05
20 0.64 +0.02 0.64 £+ 0.02
40 0.61 £ 0.02 0.62 £ 0.02
80 0.62 £ 0.02 0.64 £ 0.02
160 0.65 +0.03 0.66 £ 0.02

Table 6.2: The sensitivity analysis is based on 5-fold cross validation. The mean and the
standard deviation of the Kullback-Leibler divergence is denoted.

by the modified PC algorithm, where the y?-test was replaced by the posterior probability. At
first glance, it looks counter-intuitive that the \*-test entailed agraph with fewer edges than the
posterior probability did, i.e. 11 versus 14 edges. According to the alarm-network experiments
in Section 5.6.2, one would have expected the y*-test to yield denser graphs than the posterior
probability does. This is also suggested by the fact that the \*-test involves a larger term
penalizing model complexity than the posterior probability does. A thorough examination
reveals, however, that this unexpected result is caused by the heuristics which focuses on the
neighbors of avariable in the intermediate graph, reducing the number of computed scores (cf.
Section 5.4.3). Thisisdepicted in Figure 6.9. The large penalty term inherent in the posterior
probability entails a large number of edges being removed at low orders. Consequently, this
heuristics forbids the evaluation of many scores of high orders. In particular, graph (B) prevents
this heuristics from computing scores beyond third order, since each variable has at most four
neighbors. In contrast, the small penalty term in the y?-test does not lead to the removal of
a large number of edges at low orders, leaving the graph quite dense. Thus, the heuristics
alows the computation of many scores of high orders. In tests of high orders, however, the
term penalizing model complexity often dominates over the term accounting for model fit.
This leads to the elimination of a large number of edges due to tests of high orders in this
experiment (cf. Figure 6.9). As aresult, when using the \*-test, the overall number of edges
removed from the graph is quite large in this experiment.

When the least strict si-path is used in the necessary path condition, no ambiguous edges are
found in this experiment, and hence the same graph is obtained as found by the modified PC
agorithm, namely graph (B) in Figure 6.10. In contrast, the strictest si-path entails many am-
biguous edges (cf. graph (C) in Figure 6.10). Since this graph is denser due to the ambiguous
edges, scores of higher orders are computed, similarly to the previous case concerning the
y2-test. Consequently, several edges which are certainly present in graph (B) are atered to
ambiguous edges in graph (C). Because a single and extremely large preliminary ambiguous
region (comprising 30 edges) is yielded by the strictest si-path, exhaustive search for the par-
simonious structures was intractable so that approximate search had to be applied (cf. Section
5.3.2). For this reason, some parsimonious skeletons may not be found. In fact, the approx-
imate search yields al the ambiguous edges in graph (C) to be definitely present, while all
the other ambiguous edges are determined to be definitely absent. Consequently, the summary
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Figure 6.9: The number of edges removed by the PC algorithm due to negative scores of
different orders: (black) the posterior probability with N = 40 is used, and (white) the y>-test
with asignificance level of o = 5% is applied.

graph (C) displays a single skeleton containing 17 edges. After the edges have been oriented
by the operator proposed above, the posterior probability of the DAG resulting from graph (C)
is larger than the one of the DAG obtained from graph (B) (cf. Table 6.3). This is because
the strictest si-path yielded 3 additional edges compared to the least strict si-path. The benefits
of employing the strictest necessary path condition are also reflected by the results regarding
cross validation in Table 6.3.

All the edges determined by the constraint-based approaches (cf. the graphs (A) through (C)
in Figure 6.10) are also present in the graphs (F), (G) and (H), which are (loca) optima found
by different search strategies. This confirms the claim in Section 4.3.4, saying that the edges
induced by the constraint-based approach are present in the optimal DAG with a high degree
of certainty.

The DAG (D) in Figure 6.10 is found by the first extension, i.e. by applying the proposed
edge-orientation operator to graph (C). Starting out from (D), graph (E) is obtained as an in-
termediate DAG during the process of forward inclusion, the third step of the extended algo-
rithm (cf. Section 6.2). The inclusion of the edge x5 + w7 is favored by the relative score
g(zg, 27, {x4, 25,29 }) & 501.4, and subsequently the edge between x and xg is added due to
the scores g(xg, vs, {4, x5, w7, 29}) = g(xg, w6, {4, x5, 207, 29}) & 142.5. The orientation
of the latter edge is chosen at random, since either direction leads to Markov-equivalent DAGs.

Local search combined with simulated annealing yields graph (H), which contains the edges
Ty w8, Ty w9, T3  vg and x3 + w9 in addition to the onesin the intermediate graph (E).
If the latter four edges areignored in graph (H), the graphs (E) and (H) are Markov-equivalent,
since the orientations of the edges =5 ~ =g, x5 ~ zg, and x4 ~ xg can bereversed (cf. Section
2.2.3).

When the greedy forward-inclusion procedure is continued beyond graph (E), the edges
vy + x5 and w3 < w5 are added due to the scores g(ay,25,{r1,23}) ~ 3.8 and
glas, x5, {x1}) ~ 13.7, respectively. This is shown in graph (F), found by the extended
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entire data set: 5-fold
agorithm # edges ‘ # param. If’(%“%)) cross validation
extended agorithm: DAG m, 21 4,982 | 1.0 0.61 £ 0.02
1%t extension, strictest si-path 17 1,852 | 5.9.1072%8 0.76 £ 0.08
modified PC ago. 14 1,630 | 1.3-1073% 1.00 £ 0.06
local search (greedy) 20 4,808 | 1.5-10°19 0.62 £ 0.02
local search (sim. annealing) 23 5,342 | 3.5-10° 0.62 +0.01

Table 6.3: Comparison of various learning algorithms: the number of edges, the model com-
plexity (number of independent parameters) and the posterior probability (N = 40) of the
Bayesian networks induced from the entire data set. Furthermore, the results of 5-fold cross
validation are shown, namely the mean and the standard deviation of the Kullback-Leibler
divergence.

algorithm, since the backward elimination step did not remove an edge. The difference in
the scores of the graphs (F) and (E) is hence given by 3.8 + 13.7 = 17.5. When edges
are added to graph (E), the inclusion of each edge additionaly present in DAG (H) is pro-
hibited by the negative scores g(az, xs, {z1,23}) ~ —6.7, g(w2, x9, {21, 23}) ~ —10.1,

g(as,xg, {x1}) ~ —0.2 and g(x3,v9,{x1}) ~ —5.2. However, when both the edges
ry  wxg and x2 « xg are included, the absolute score isincreased by g(ay, s, {x1,x3}) +

g(za, 29, {x1, 23, 28}) = g(w2, 29, {21, 23}) + g(22, 28, {®1,23,29}) ~ 8.8. Adding both

rg + xg and 3 < xg9 leads to an improvement of g(w3,xs, {z1}) + g(x3, x9, {71,28}) =

glas,xg, {x1}) + g(as, x5, {x1,29}) = 30.7. Hence, simulated annealing leads to a graph
whose score is lager than the one obtained by the extended algorithm. The difference
is 8.8 + 30.7 — 17.5 = 22, which trandates into the ratio of the posterior probabilities
p(memy | D)/p(m@ | D) = € ~ 3.5 - 107, as denoted in Table 6.3. The difference between
(F) and (H) isapparently aconsequence of the greedy nature of the forward inclusion step used
in the smple extended algorithm. Since only one edge is added at atime, the forward inclusion
procedure would be required to accept a decrease in the absolute score before the additional
improvement could be achieved. Thisis atypica situation showing the limitations of greedy
schemes. Hence, there is a lot of space for improvements in the post-processing step of the
extended algorithm, replacing the forward inclusion and backward elimination procedures by
more sophisticated ones. Nevertheless, the extended algorithm finds the highest-scoring DAGs
among al the greedy algorithms examined in these experiments, including greedy local search
(cf. Table 6.3). The graph found by the latter is depicted in Figure 6.10 (G). It contains one
edge fewer than graph (F), namely = < x5, Since adirected cycle viathe variables x; and z¢

has to be avoided.

Concerning the results of cross validation (cf. Table 6.3), al the algorithms yielding (local) op-
tima, namely the extended algorithm and the two local search strategies, perform about equally
well. In this experiment, the number of independent parameters of the various Bayesian net-
work models increases with the number of edges.
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Figure 6.10: The graphs determined by various search strategies from the data on Environ-
mental influences on the Condition of trees [51]: (A) PC algorithm with the significance level
a = 5% used in the \2-tests, (B) modified PC algorithm employing the posterior probability
with N’ = 40 (like in the other learning algorithms), (C) necessary path condition employing
the strictest si-path, (D) first extension, (E) intermediate graph during the forward inclusion
step of the extended algorithm, (F) final graph induced by the extended agorithm, (G) local
search (greedy), (H) local search combined with simulated annealing (the starting temperature
Ty = 3.0 yielded better results than 7y = 10 or 100 in this experiment, cooling rate 0.95, fina
temperature 7T; = 0.2, cf. also Section 3.3.1).
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The induced graphs represent the close associations among the variables u, 2 and z3, as
they refer to needle loss (cf. Table B.2). While the orientations of the edges 4 — 9 and

r1 — x3 are uniquely determined, the edge x» ~ z3 can be oriented in either direction in
equivalent DAGs, except for DAG (G). In most of the induced graphs, the variables referring
to needle loss do not have any other descendents. This might be expected according to a causal
interpretation of the induced graphs. However, such an interpretation may not be appropriate
in general, as the presence and the orientations of some other edges cannot be understood in
acausal setting, see e.g. the edge between 7 (soil) and xg (wind direction). It is hence more
reasonable to view the induced Bayesian network simply as a statistical model. The variables
xg (use of forest) and x4 (density of trees in forest) are parents of x; (needle loss) in most of

the graphs. In some graphs, also the variables 25 (composition of forest), xs (wind direction)

and x9 (elevation) are adjacent to the variables describing needle loss. A further analysis of the
graphs is left to the reader.

Boston Housing Data

The same kind of experiments as before were also carried out for the Boston Housing Data [12],
which was discretized for simplicity (cf. Appendix B). The sensitivity analysis depicted in
Table 6.4 yields the best results with respect to cross validation for the equivalent sample sizes
N' = 10...20. We used the value N’ = 10 in the following experiments. In comparison to
that, when the AIC' is employed as the scoring function in structural learning and when the
parameters are estimated in a Baysian manner (cf. Equation 3.1.35, with N = 10) then 5-fold

cross validation yields a Kullback-Leibler divergence of 2.0 +0.2. Thisvalue isabout the same
as the one obtained by means of the posterior probability (cf. Table 6.4). The performance of
the various learning algorithms on this data set is shown in Table 6.5. Regarding the posterior
probability as well as cross validation, the necessary path condition — whether based on the
least strict si-path or the strictest one — leads to notably better graphs than the modified PC
agorithm does. This shows the benefits of using the necessary path condition. The summary
graph entailed by theleast strict si-path isdepicted in Figure 6.11. It contains ambiguous edges,
indicating some model uncertainty. This might not be unexpected because of the rather small
sample containing 506 cases only. The ambiguous edges can be grouped into five ambiguous

equivalent 5-fold cross validation:
sample size N’ || extended algo. | local search (greedy)
) 1.94+£0.2 1.94+0.2
10 1.8+0.1 1.94+0.1
20 1.8+£0.1 1.94+0.2
40 1.9+0.1 1.94+0.2
80 1.94+0.1 2.04+0.2

Table 6.4: The sensitivity analysis is again based on cross validation (mean and standard devi-
ation of the Kullback-Leibler divergence).
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entire data set: 5-fold
algorithm # edges ‘ # param. ‘ p’}ﬁ'@) crossval.
extended algorithm: best DAG m, 43 197 1.0 1.84+0.1
extended algorithm: 2'd-best DAG 44 207 | 0.16 1.940.3
15¢ ext., strictest si-path: best DAG 27 77 4.1-107° | 2.24+0.1
1°¢ ext., least strict si-path: best DAG 24 71 1.7-107% || 2.3+£0.1
modified PC agorithm 17 40 6.5-10"11 | 2.74+0.2
local search (greedy) 42 233 2.0-107™ [[1.9+0.1
local search (simulated annealing) 43 197 346 1.9+£0.2

Table 6.5: This table sketches the properties of the Bayesian networks induced from the dis-
cretized Boston housing data by the various learning algorithms, all employing the posterior
probability with N' = 10 as the scoring function.

regions, whose parsimonious structures are shown in Table 6.6. The least strict si-path yields
323 = 24 different parsimonious skeletons, and each of which contains 7 ambiguous edges,
besides the 17 edges being certainly present. The latter are also found by the modified PC
algorithm. The strictest si-path yields additional ambiguous edges (cf. Table 6.5), entailing a
further improvement in the posterior probability as well as in cross validation. The induced
summary graph is, however, so dense that it is hard to display in a clearly arranged way. For
this reason, this graph is not shown here, like the other DAGs containing more than 40 edges.

The extended algorithm as well as loca search yield rather dense graphs, while the skeletons
found by the constraint-based agorithms contain considerably fewer edges. This situation
had also occurred in the alarm-network experiments in Section 5.6.2 when very small data
sets were given. This is hence atypical property of constraint-based algorithm when applied
to rather small data sets. In the tiny Boston housing data set, a large number of edges has
thus to be added in the post-processing step of the extended algorithm in order to arrive at a
local optimum. The backward elimination step removes 2 edges previously included by the
first extension. This indicates that, at rather small sample sizes, the number of ” erroneously”
present edges increases. This occurred aso in the alarm-network experiments in Section 5.6.2.
When the sample size is very small, the edges induced to be present by the constraint-based
approach are thus present in the optimal DAG with a decreased degree of certainty. Thisis not
necessarily ashortcoming of the constraint-based approach in general, but rather a consequence
of the heuristics aimed at reducing the number of computed scores (cf. Section 5.4.3).

The posterior probabilities of the best and the second-best DAGs found by the extended algo-
rithm are quite close to each other (cf. Table 6.5). This might be understood as an additional
indication for quite large model uncertainty present in the small data set. The best DAG found
by the extended algorithm is very similar to the one found by local search combined with simu-
lated annealing (starting temperature 7y = 10, cooling rate 0.95, final temperature 7; = 0.2, cf.

also Section3.3.1): both Bayesian networks have the same number of edges aswell as the same
complexity (cf. Table 6.5). Regarding the posterior probability, simulated annealing leads to a
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Figure 6.11: This summary graph is entailed by the least strict si-path used in the necessary
path condition. Solid lines represent edges which are certainly present, and the edges belonging
to the different ambiguous regions are depicted in different line styles. For details, see Table
6.6.

parsimonious || overall number
ambiguous of involved ambiguous edges parsimonious structures
region edges
(A) 5 Ty~ X7, XL~ XL, | @ XL~ X7, T~ T, T~ T2
Ty VT2, T2 NV LY, | @ X N7, TN T, TY N X2
xr9 ~ T2 ® X1 ~X7, T2~ T11, X1 ~ X12
(B) 2 x5~ x9, Ty~ Tg o5 ~ Tg
® g ~ Iy
©) 2 Ty~ T, Ty~ X | @ Xy~ T
® Ly~ X4
(D) 1 x5 ~ 13 ® x5 ~ 113
B 2 T1g ~ T13, T1p ~ T4 | @ T1p ~ 213
® ) ~ T4

Table 6.6: The parsimonious structures in the 5 ambiguous regions of the summary graph in
Figure 6.11.

dlightly better DAG than the greedy scheme of the extended algorithm does. In contrast, greedy
local search yields a DAG with alower posterior probability than the best or second-best DAG
found by the extended algorithm. Although the Bayesian network found by greedy local search
contains only 42 edges, it is more complex than the other Bayesian networks. This is caused
by an increased number of colliders induced by greedy local search in this experiment. With
respect to cross validation, there is no notable difference among the various (locally) optimal
Bayesian networks.

The Boston housing data was originally analyzed by a least-squares regression-equation [76],
and later by aregression tree [9]. Both approaches were also briefly described in [17]. In these
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two approaches, the variable ;; (median value of homes) was used as the dependent variable,

and the others as independent ones. In contrast, learning Bayesian networks aims at fitting a
model to the joint probability distribution for all the variables, i.e. variable 1y is hot distinct

from the others. Thisistypica for unsupervised learning, whereas the former two approaches
correspond to supervised learning. Hence, the results of our experiments are hard to compare
with the ones in [17, 76]. The regression tree grown in [9] exhibits only four nodes which
appear in splits, namely o, z7, x9 and x14. While the former three variables are also adjacent

to 2 in each of the parsimonious skeletons represented by the summary graph in Figure 6.11,
variable =14 is adjacent to x1 neither in Figure 6.11 nor in the denser DAGs induced by the
extended algorithm or local search (greedy and simulated annealing). A detailed comparison is
impossible aso because we discretized the variables in the Boston housing data for the usein
our experiments. Thiswas done for simplicity, since the main purpose of the experiments in this
thesis isto compare the performance of the different structural learning agorithms rather than
to examine various ways for modeling non-linear dependences among continuous variables, as
done in [60, 85, 86, 113]. The publications [85, 86] also report results on the Boston housing
data. The reported DAGs are quite sparse due to a large value of 25 penalizing the presence
of each edge (cf. also Table 5.5), because the aim was to ease the interpretation by means of a
sparse graph rather than to optimize the predictive accuracy of theinduced Bayesian networks,
for instance, assessed by cross validation.

Data gathered by Sewell and Shah

The data set gathered by Sewell and Shah [135] (cf. also Appendix B) contains only 5 variables,
causing the search space of DAGsto be reasonably small (29, 281 DAGS). Exhaustive search in
the space of DAGsisthustractable, allowing the computation of the posterior probability for all
the DAGs. Consequently, the global optimum can be determined. Exhaustive search is used in
the sensitivity analysis depicted in Table 6.7, whereavalue of N =~ 200 leads to the best results
with respect to cross validation. In comparison to that, if the Akaike Information Criterion is
used as the scoring function and when the parameters are estimated in a Bayesian way with

equivalent 5-fold cross validation:
sample size N’ exhaustive search
) 0.045 £ 0.006
50 0.044 £ 0.007
100 0.040 £ 0.006
200 0.040 £ 0.006
300 0.040 £ 0.006
500 0.042 £ 0.005
1,000 0.047 £ 0.005

Table 6.7: This sensitivity analysis suggests avalue of N ~ 200. The mean and the standard
deviation of the Kullback-Leibler divergence are shown.
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entire data set: 5-fold
algorithm # edges ‘ # param. ‘ % cross validation
extended agorithm: m, 7 68 1.0 0.040 £ 0.006
1*' extension, strictest si-path 7 68 1.0 0.040 £+ 0.006
modified PC algorithm 7 68 1.0 0.040 £ 0.006
exhaustive search: best 7 68 1.0 0.040 + 0.006
exhaustive search: 2"d-best 8 73 0.044 0.040 £ 0.006
local search (greedy) 8 71 0.034 0.040 £ 0.006
local search (sim. annealing) 7 68 1.0 0.040 £+ 0.006

Table 6.8: The posterior probability with N' = 200 serves as the scoring function in the various
learning algorithms. The necessary path condition does not yield any ambiguous edges.

N' = 200 (cf. Equation 3.1.35), cross validation yields a Kullback-Leibler-divergence of
0.040 £ 0.007. This compares to the best values obtained when the posterior probability serves
as the scoring function.

When the posterior probability with the equivalent sample size N = 200 is used for structural
learning, the DAGs with the two largest scores have posterior probabilities of about 29.9%
and 1.3%, respectively (cf. Figure 6.12). Since x3 ~ x5 is a covered edge in the optimal
DAG (see aso Section 2.2.3), there is exactly one more DAG equivalent to the optimal one.
Concerning the second-best DAG depicted in Figure 6.12, there are two additional Markov-

equivalent DAGs, differing from the shown one in the orientation of either one of the edges
xr1 ~ Ty and z9 ~ r5.

Table 6.8 shows that the global optimum is found by exhaustive search, simulated annealing
as well as by each of the constraint-based algorithms. No ambiguous edge is yielded by the
necessary path condition. The induced skeleton — containing solely certainly-present edges
— comprises al the edges present in the optimal DAG. Given this skeleton, the optimal ori-
entations are found by the edge-orientation operator described in Section 6.1. In contrast, the
greedy scheme employing local search got stuck at alocal optimum. It might not be unexpected
that the optimal DAG isinduced by most of the learning algorithms under consideration, asthe

Figure 6.12: The best DAG (left) and the second-best DAG (right) with respect to the posterior
probability with N’ = 200 (determined by exhaustive search).
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Figure 6.13: When N’ = 5 ischosen in the posterior probability, the least strict si-path used in
the necessary path condition yields the summary graph (left), where either one of the ambigu-
ous edges is present in the parsimonious skeletons. The two DAGs on the right are obtained
by applying the proposed edge-orientation operator to the induced skeletons. As verified by
exhaustive search, the left DAG is the global optimum, and there is no other equivalent one.
The left DAG has a posterior probability of about 24% and the right one of about 10~ 16%.

sample size is quite large (10,318 cases), while the number of variables is small (5 variables).
Thisissimilar to the resultsin the alarm-network experiments (cf. the Sections 5.6.2 and 6.3.1).

The data set gathered by Sewell and Shah was aso analyzed by means of Bayesian networks
in [79], where an equivalent sample size of N' = 5 was chosen in the posterior probability.
Additionally, constraints regarding the orientations of certain edges were applied, namely it
was forbidden that edges pointed towards x; or x4 as well as that edges were oriented away
from x;. These constraints were motivated by a causal interpretation of the edges. The best
DAG complying with these constraints was found to be identical with the left DAG in Figure
6.12. Note that this DAG coincides with the global optimum in the space of al DAGs, i.e.
without constraints, when the equivalent sample size N = 200 is used.

However, when the value N’ = 5 is chosen, and when no constraints are imposed on the
network structure, the latter DAG has a posterior probability of about 2.4-10-27, and the global
optimum in the space of all DAGs, i.e. without constraints, is assigned a posterior probability
of about 24%, shown in Figure 6.13. The latter graph is not only found by exhaustive search,
but also by our extended algorithm: the summary graph depicted in Figure 6.13 is yielded by
the necessary path condition employing the least strict si-path. In the parsimonious skeletons,
either one of the two ambiguous edges is present. The two DAGs in Figure 6.13 are obtained
by applying the presented edge-orientation operator to the found skeletons (cf. Section 6.1).

The above constraints are obviously necessary — given the choice N = 5 —in order to induce a
DAG which can be interpreted in a causal manner. However, the same DAG can aso be found
without using constraints, namely when a value of N ~ 200 is chosen, as suggested by the
sengitivity analysisin Table 6.7. Of course, without applying constraints the edge # ~ x5 can

be oriented in either direction in equivaent DAGs (cf. Figure 6.12), and a causal interpretation
of its orientation is hence impossible. Let us note that a causal interpretation of the best DAG
suggested by the sensitivity analysis may not be very reasonable in general, asit is merely a
coincidence concerning the data set gathered by Sewell and Shah.
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6.3.3 Summary

The constraint-based approach employing the necessary path condition and the edge-
orientation operator was compared to popular learning algorithms in our experiments. In the
alarm-network experiments, over a large range of sample sizes, the extended algorithm (cf.
Section 6.2) induced Bayesian networks with a higher posterior probability than the K2 algo-
rithm did, although a correct ordering on the variables was given to the | atter as additional input.
Apart from that, when given large data sets, the extended algorithm induced a DAG equivalent
to the original alarm-network structure. Furthermore, over alarge range of "medium”-sized
samples, a larger posterior probability was assigned to the best DAG found by the extended
algorithm than to the original network structure. The limitations of the proposed algorithm
became apparent at small data sets, where the constraint-based scheme, athough employing a
necessary path condition, yielded considerably fewer edges being present than there are in the
optimum.

Similar results were found in the experiments with real-world data. Again, the benefits of
extending the constraint-based approach by the necessary path condition were obvious. More-
over, the grictest si-path led to slightly higher-scoring graphs than the least strict si-path, be-
cause the former led to skeletons with dlightly more edges. Only in the data set (SEW), the
global optimum could be induced by all the variants of si-paths employed in the necessary path
condition.

The sample size had an impact on the number of edges yielded by the necessary path condition,
both in the alarm-network experiments and in the experiments with real-world data, where the
three data sets (SEW), (ENV) and (BOS) (cf. Appendix B) contained 10, 318, 6,168 and 506
cases, respectively. Also the number of ambiguous edges, indicating model uncertainty up
to a degree, was found to depend on the sample size in the various experiments. In al the
experiments, the extended algorithm yielded DAGs with alarger posterior probability than the
graphs found by greedy local search. Local search combined with simulated annealing led
to DAGs with higher posteriors when given the data sets (BOS) and (ENV), which showed
the limitations of the post-processing step of the extended algorithm due to its greedy nature.
Regarding cross validation, the difference between the extended algorithm and local search
(greedy or combined with simulated annealing) was rather negligible.
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In the recent years, two main approaches to structura learning in Bayesian networks have
evolved. The one is aimed at optimizing a scoring function by means of a heuristic search
strategy, while the constraint-based approach relies on the conditional independences and de-
pendences derived from the data. Since structural learning in Bayesian networks is an NP-hard
problem [14, 27, 84], there is demand for efficient heuristics. While the constraint-based ap-
proach has proven to be very efficient in many experiments [23, 24, 142], it is only understood
under certain assumptions, which can be expected to hold when an infinite amount of data
is given. For that reason, this thesis was concerned with understanding and improving the
constraint-based approach for those cases where only finite data sets are given, as typical in
practical applications.

Given afinite amount of data, we showed the benefits of viewing the constraint-based approach
as a particular search strategy aimed at optimizing a scoring function initially specified. While
the optimality of a directed acyclic graph (DAG) is well-defined with respect to a scoring
function, aperfect map of the probability distribution implied by afinite data set typically does
not exist. The latter is, however, assumed by established constraint-based approaches.

We used the property of decomposability of scoring functions, which holds when given com-
plete data and in the absence of hidden variables, to introduce relative scoring functions and to
derive important interrelations among different relative scores. A main advantage of relative
scoring functions is their applicability both to the constraint-based approach as well as to the
algorithms aimed at optimizing a scoring function. For this reason, relative scoring functions
allow one to understand the relationship between these two approaches.

One important insight is that the graphs recovered by the constraint-based approach tend to
contain fewer edges than optimal DAGs. More precisely, an edge found to be present by
this approach is also present in alocal optimum. Only the heuristics aimed at reducing the
number of computed scores can entail a few edges to be present, athough those edges are
actually absent in optimal DAGs. However, theoretical considerations as well as our computer
experiments show that the latter effect is rather negligible in many applications. Hence, the
edges determined by the constraint-based approach are present in (locally) optimal Bayesian
network structures with a high degree of certainty. Conversely, an optimal DAG might contain
additional edges besides the ones found by the constraint-based approach. Thus, if one aims
at finding local optima, a post-processing step is necessary. A greedy scheme for this task was
presented.
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Moreover, we have proposed various extensions of the constraint-based approach itself, which
led to considerable improvements in the induced graphs when given finite sample sizes. The
main part of thisthesiswas devoted to the first step of the constraint-based approach, concerned
with learning the presence of edges. While state-of-the-art constraint-based approaches ook at
each edge more or less independently of the others, we propose to take into account a certain
vicinity of each edge when deciding about its absence or presence. This can be viewed as an
approximation to the exact learning problem, where the entity of a Bayesian network structure
isdivided into several vicinities. This can be achieved by employing the necessary path condi-
tion we derived from properties of optimal DAGs. This condition allows an edge to be absent
only if certain other edges and some sort of paths are present in its vicinity. For instance, the
simplest case involves two edges where the absence of the one requires the presence of the
other edge, and vice versa. This means that the necessary path condition yields interdependen-
cies regarding the presence of various edges, i.e. it determines alternative structures, possibly
of various sizes. This provides considerably more insight than merely knowing about the pres-
ence of each edge independently of al the others. For computational efficiency, the derived
condition applies to undirected rather than directed graphs. Thisimplies that it can only be a
necessary condition, i.e. the edgesrequired to be present are necessary for the resulting DAG to
be optimal, but an optimal DAG might contain additional edges. The benefits of employing the
necessary path condition were illustrated in various examples and experiments in this thesis.

Compared to state-of-the-art constraint-based approaches, the utilization of a necessary path
condition can reduce the number of the edges ”erroneoudly” absent from the induced graphs.
This is because the necessary path condition can prevent from removing an edge, even when
a corresponding conditional independence has been induced. In other words, al the induced
independences do not necessarily entail the removal of the corresponding edges. This is a
main difference to state-of-the-art constraint-based approaches, not employing any necessary
condition of this kind.

Furthermore, model uncertainty regarding the presence of edges or certain structures in the
graph can be discovered by means of the necessary path condition. Of course, this is only
possible up to a certain degree. An exact treatment of model uncertainty would be NP-hard,
anyway. Model uncertainty discovered by an algorithm employing the necessary path condition
typicaly does not involve the entire graph. In fact, the induced graphs often have a large
number of edges in common, and they differ only concerning a few edges, called ambiguous
edges. Particularly in Bayesian networks with a large number of variables, the ambiguous
edges can usually be partitioned into different ambiguous regions such that the presence of
the edges in different ambiguous regions is independent of each other. This independence
renders an efficient computation of the different graphs possible, as the latter can be obtained
by combining the local results determined in each ambiguous region separately.

Apart from that, the discovered uncertainty can be displayed to the user in asingle graph [144],
called summary graph. Unlike alist of the different structures, this kind of visualization can
considerably ease the interpretation of multiple solutions. Together with the necessary path
condition, this has entered the PRONEL project [120]. The utilization of a single graph was
later also adopted in [85], where uncertainty regarding the presence of certain structures was
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calculated by standard Bayesian model-averaging.

We have discussed four variants of the necessary path condition, differing intheir strictness, i.e.
the number of edges and the sorts of paths required to be present in the vicinity of an absent
edge. In our experiments, all four variants led to considerable improvements compared to
established constraint-based schemes, which do not employ a necessary condition. Compared
to this enhancement, the four variants yielded very similar results. In principle, it is, of course,
possible to improve upon the presented necessary path conditions, e.g. by considering vicinities
of increased sizes. The above results suggest, however, that the quality of the induced graphs
can be improved only sightly by stricter conditions, while the computational costs may grow
considerably.

In the proposed algorithm, the necessary path condition is represented in terms of aset of rules,
rendering very efficient simplifications possible in order to find the various network structures.
The computational effort additionally required by this extension is rather negligible compared
to the, short, computation time consumed by other constraint-based approaches, as computing
the conditional independences is most tedious. Moreover, we pointed out that the presented
interdependencies among relative scores can be exploited to speed up computations addition-
ally. We found the constraint-based approach also very appropriate for parallel computing, in
particular for a master-and-slave scheme.

The second part of the algorithm is concerned with finding the orientations of edges, after the
skeletons have been determined in the first part. Like uncertainty regarding the presence of
edges or structures could occur in the first step of the constraint-based approach, uncertainty
concerning the orientations of edges might arise in the second part. In our experiments, we
found that the latter kind of uncertainty affects much more edges than the former does. This
is aso clear from theoretical considerations, since the orientation of an edge can often depend
strongly on other edges far way in the graph, e.g. due to the acyclicity of the Bayesian network
structure. For this reason, typical edge-orientation schemes, relying on induced conditiona in-
dependences and dependences, are quite unstable, even when given rather large data sets. We
thus proposed an operator which, given an undirected graph, is aimed at inducing the optimal
orientations with respect to a scoring function. For simplicity, this is done in a greedy way,
which is rendered possible due to the utilization of a scoring function. Uncertainty regard-
ing the orientations of edges is hence ignored. This algorithm has proven to be quite robust
in our computer experiments. Furthermore, while established constraint-based schemes can
yield Bayesian network structures where a variable has a very large number of parents, thisis
prevented by the presented operator, employing a scoring function.

In our computer experiments, the benefits of the proposed extensions of the constraint-
based approach became apparent. When given real-world data, the presented extensions of
the constraint-based approach combined with a greedy post-processing step induced higher-
scoring Bayesian network structures than other greedy search strategies. Only local search
combined with ssmulated annealing, which is a quite time-consuming stochastic search strat-
egy, induced dlightly higher-scoring DAGs. We aso carried out various experiments with the
alarm network, a popular benchmark for structural learning in Bayesian networks. The best
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DAG induced by the presented extensions was eguivalent to the original network structure
when given large samples. Moreover, given medium-sized data sets, a DAG with a score
higher than the one of the original network structure was found. To our knowledge, this has
not been reported about any other learning algorithm up to now. In particular, the proposed
extensions were capable of finding higher-scoring Bayesian network structures than the K2
algorithm [33, 34] did, except for rather small samples. Since the latter algorithm requires a
correct ordering on the variables as additional input, it typically finds graphs very close to the
original one [33,34]. Considering structural differences, it performed even better than local
search combined with simulated annealing in the experiments reported in [81].

A particular property of the constraint-based approach is that it can be divided into severa

successive steps, rendering improvements in many details possible, both to advance the quality
of the induced graphs beyond the progress achieved in this thesis as well as to further increase
the computational efficiency. Moreover, when the constraint-based approach is understood as a
strategy aimed at optimizing ascoring function, it may be combined with various other learning
strategies. Of course, the presented improvements concerning the constraint-based approach to
structural learning in Bayesian networks may also be transferred to other graphical models.

With the advent of the World Wide Web as well as with the progress made in the area of
biotechnology a lot of data has become available, waiting to be analyzed by automated algo-
rithms, asamanua analysis is often intractable. We are looking forward to seeing data mining
algorithms become more important in the future and provide better insight into the associations
important among the variables in adomain. Moreover, these algorithms can also serve as aba
sis for automatically building intelligent systems for reasoning under uncertainty. We believe
that structural learning in Bayesian networks is apromising tool in the fiel ds where uncertainty
plays a prominent role. It has thus to be of major practical concern to have efficient learning
agorithms at hand, applicable in large domains.
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Cross Validation

Cross vaidation can be used for assessing the predictive accuracy of alearned model. It is
crucial to distinguish between training data and test data in this procedure. After amodel has
been learned from the training data, its predictive accuracy is assessed on the basis of the test
data. Since the latter samples are not used when learning the model, over-fitting is penalized
so that complex models do not necessarily perform better than simple ones.

The predictive accuracy of the model can be assessed by comparing the joint probability dis-
tribution ¢ described by the learned model with the one implied by the test data, denoted as
p. This can be quantified, for instance, by means of the Kullback-Leibler divergence, or cross
entropy [98],

KL(p,q) = Y _ pli)log % (A.0.1)
i€Z(V)

<

where the sum ranges over al joint states i € Z(V) of the variables in the set V. When the
probability distribution p is determined by the cell counts implied by the test data, the sum
extends only over the configurations actually present in the data. As most of the joint states
typically do not occur in the test data, this entails a tremendous reduction of the computational
effort. The probability ¢(7) predicted for a certain configuration : € Z(V) by the induced
Bayesian network can easily be computed according to Equation 2.2.1. The Kullback-Leibler
divergence is non-negative and vanishesif and only if thetwo distributions p and ¢ areidentical.
Hence, small values of K'L(p, q) indicate small prediction errors of the induced model.

A very popular variant is k-fold cross validation (often & = 5, 10), where a given data set is
split into % parts of roughly equal size. When the /" part of thedata(j = 1, ..., k) serves astest
data, the other & — 1 parts are used as training data. Let ¢; denote the probability distribution
described by the model learned on the basis of these k — 1 parts of the data, while j; designates
the distribution implied by the j** test data. Symmetry among the various parts of the data is
achieved when this procedure is carried out for all j = 1, ..., k, i.e. each part serves astest data
at one point. The result of this procedure is then given by the mean and the standard deviation
of the k values obtained for the Kullback-Leibler divergence.
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B

Data Sets

Besides the artificial data sampled from the Alarm Network [8], we also used three real-world
data-sets in our computer experiments,

e (SEW): the data gathered by Sewell and Shah [135],
e (ENV): the data set on Environmental Influences on the Condition of Trees [51],

e (BOS): the Boston Housing Data [12].

A brief description of the different data setsis provided in the following.

The Alarm Network

The Alarm Network was developed as a model for an emergency medical system [8]. This
Bayesian network has become the most popular benchmark for assessing structural learning
algorithms. It comprises 37 variables, each of which taking 2, 3 or 4 different discrete values.
They are described in Table B.1. The structure of the alarm network is shown in Figure 5.16.
Since it was built by experts, most of its46 directed edges can beinterpreted in acausal manner.
The parameters of the Bayesian network model, that is the conditional probabilities regarding
each variable and its parents, are taken from the alarm-network file on the Netica homepage [3].
We sampled data sets of various sizes from the joint probability distribution described by this
model. For thistask, we used the routines provided by the Hugin software [87].
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variable | number | meaning

of states
1 3 central venous pressure
2 3 pulmonary capillary wedge pressure
3 2 history of left ventricular failure
4 3 total peripheral resistance
5 3 blood pressure
6 3 cardiac output
7 3 heart rate obtained from blood pressure monitor
8 3 heart rate obtained from electrocardiogram
9 3 heart rate obtained from oximeter
10 3 pulmonary artery pressure
11 3 arterial-blood oxygen saturation
12 2 fraction of O, ininspired gas
13 4 ventilation pressure
14 4 CO; content of expired gas
15 4 minute volume, measured
16 3 minute volume, calculated
17 2 hypovolemia
18 2 left-ventricular failure
19 2 anaphylaxis
20 2 insufficient anesthesia or analgesia
21 2 pulmonary embolus
22 3 intubation status
23 2 kinked ventilation tube
24 2 disconnected ventilation tube
25 3 left-ventricular end-diastolic volume
26 3 stroke volume
27 2 catecholamine level
28 2 error in heart rate reading due to low cardiac output
29 3 true heart rate
30 2 error in heart rate reading due to electrocautery device
31 2 shunt
32 3 pulmonary-artery oxygen saturation
33 3 arterial CO, content
34 4 alveolar ventilation
35 4 pulmonary ventilation
36 4 ventilation measured at endotracheal tube
37 4 minute ventilation measured at the ventilator

Table B.1: Key to the variables in the Alarm Network [8] (adapted from [142]).
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The Data Set on Environmental Influences on the Condition of Trees (ENV)

The data set on Environmental Influences on the Condition of Trees (ENV) [51] comprises
11 variables and 6,168 cases. The variables are depicted in Table B.2. Two variables from
the original data set were omitted in the computer experiments, because the one is basically
an index and the other is not documented. Moreover, we reduced the number of states of
the variables xg and =g such that =g (wind direction) took on four states (north, north-east;
east, south-east; south, south-west; west, north-west) as did ay (<610; 610< ... <660; 660<
... <710; >710).

original | modified
variable | number | number | meaning
of states | of states
(omitted) | > 100 - cluster number
1 6 6 needle loss of conifersin six categories
2 3 3 needle loss of conifersin three categories
3 2 2 needle loss of conifersin two categories
4 5 5 density of treesin forest
5 4 4 composition of forest cover
6 3 3 use of forest
7 5 5 soil at location of trees
(omitted) 9 - not further documented
8 9 4 main wind-direction at location of trees
9 > 10 4 elevation (above sealevel)

Table B.2: Key to the variables in the data set concerning Environmental Influences on the
Condition of Trees [51].

The Boston Housing Data (BOS)

The Boston Housing Data (BOS) is concerned with the housing values in the Boston metropoli-
tan area. It wasfirst analyzed in [76] and later in [9]. We used the data set available from [12].
It contains 14 variables, discrete and continuous ones, and 506 cases. A key to the variables
is given in Table B.3. For the use in our computer experiments we discretized this data set
such that each variable became binary. For simplicity, only the univariate distribution for
each variable was considered, and it was aimed at achieving about even cell counts for the
two discrete states of a variable. More advanced schemes for discretizing data are described
in [45,52,56,114].
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variable | meaning
1 | median value of homes
2 | crimerate
3 | percentage land zoned for lots
4 | percentage non-retail business
5 | on Charles River
6 | NO, concentration
7 | average number of rooms
8 | percentage built before 1940
9 | distance to employment centers
10 | accessibility to radial highways
11 | tax rate
12 | pupil teacher ratio
13 | percentage black
14 | percentage lower-status population

Table B.3: Key to the variables in the Boston Housing Data [12]. We modified the variables
such that each one became hinary.

The Data of Sewell and Shah (SEW)

Sewell and Shah [135] gathered 10,318 cases from Wisconsin high-school students in order
to investigate the influences which affect attending college later. It contains only 5 variables.
Their meaning is shown in Table B.4. We used the data reproduced in [79].

variable | number | meaning
of states
1 2 Sex
2 4 socioeconomic status
3 4 intelligence quotient
4 2 parental encouragement
5 2 college plans

Table B.4: Key to the variables in the data set gathered by Sewell and Shah [135].
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