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ABSTRACT

In this era where healthcare is one of the world’s largest and fastest growing industries, there

is great interest in understanding what is happening within our cells and organs at the molecular

level. Fortunately, innovations and improvements in technology continue to spur the quantity and

types of high-throughput (a process where large amounts of samples can be measured by a system

at once) biological data that can be measured. Additionally, abundant information from many years

of detailed research can be found in annotated or computationally extracted databases. These data

sets, especially combined, have great potential for novel discoveries that can lead to advances

in biology and medicine. The main focus of this thesis is the investigation of machine learning

techniques for inferring gene regulatory networks from the combination of high-throughput time

series gene expression array data and other data sources. A gene regulatory network is a collection

of DNA segments in a cell which interact with each other (indirectly through their RNA and protein

expression products) and with other substances in the cell, thereby governing the rates at which

genes in the network are transcribed into mRNA.

The main contribution of this thesis is related to computational biology. We show how we

exploit different types of data and temporal information to determine causality in gene regulatory

networks using a probabilistic learning model, namely a dynamic Bayesian network. We further

show how combining other sources of relational data with temporal data and using an inductive

learning method known as inductive logic programming can help learn more interesting rules for

predicting gene expression. We present experiments that show our methods are good at inferring

regulatory relationships. Our use of temporal data provides us with more confidence that the rela-

tionships learned represent causality, which can be useful in interpreting underlying mechanisms

from the inferred results. We further constructed a simplified theoretical model for the modeling
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of time series gene expression data to guide experimental decisions. Our empirical evaluation on

synthetic data agrees with the results of our theoretical analysis.

A minor contribution of this thesis is related to data mining. We show how we integrate an

inductive logic programming (ILP) system, namely FOIL, with a database and utilize statistics

to estimate counts to avoid expensive database operations in certain cases. Another contribution

involves a different inductive learning system, Aleph, and the use of pathfinding, which finds

paths that link relational entities, to help overcome plateaus in the search space by searching for

paths within the lattice of a saturated bottom clause. These extensions in ILP systems can also be

useful for computational biology as ILP is often applied to diverse biological data because of its

ability to accomodate multiple tables, take into account background knowledge, and produce rules

comprehensible to biologists.



iv

ACKNOWLEDGMENTS

I am very grateful for having had so many wonderful influences throughout my career, espe-

cially throughout graduate school, which has been extremely fulfilling. It is with great pleasure

that I extend my gratitude to the many people who have been a big part of my life.

First and foremost, I thank my advisor, David Page, who has in many ways shaped my devel-

opment as a researcher. David has been a wonderful teacher and mentor, providing guidance when

I needed it, yet allowing me the freedom to pursue my own ideas. He has also been very patient,

understanding and supportive throughout the trials and tribulations that are part of graduate student

life. I will never forget the encouragement he gave me that provided me with the confidence to

give my first presentation to a crowd of over a thousand experts. I truly appreciate all that he has

taught me.

Secondly, I thank the other members of my thesis committee: Mark Craven, Colin Dewey, Tim

Donohue, and Jude Shavlik. They have been another wonderful source of guidance. Tim, early

on taught me the importance of making my presentations accessible to people from other fields of

study. Mark and Jude have been terrific teachers, not only in the courses that they teach but also in

all the seminars that I have attended with them. They have also offered advice, providing different

perspectives, which have been helpful for me.

Thirdly, I thank my collaborators: Joe Bockhorst, Jesse Davis, Inês Dutra, Jeremy Glasner,

Vı́tor Santos Costa, Jan Struyf, and Scott Topper. They made our collaborations fruitful and en-

joyable. In particular, I learned a lot from discussions with Vı́tor and Inês. A special thanks goes

to Vı́tor who has been



v

Rich Maclin has also been another wonderful mentor to me. He has always provided good

advice, and has been very supportive and encouraging of my endeavors. Rich has also been a

source of humor and I thank him for making graduate life fun.

I thank my fellow students in machine learning (both past and present): David Andrzejew-

ski, Joe Bockhorst, Rich Chang, Aaron Darling, Jesse Davis, Frank DiMaio, Tina Eliassi-Rad,

Mark Goadrich, Eric Lantz, Sean McIlwain, Michael Molla, Keith Noto, Louis Oliphant, Andrew

Palmer, Yue Pan, Maleeha Qazi, Beverly Seavey, Burr Settles, Adam Smith, Ameet Soni, Lisa

Torrey, Michael Waddell, and Trevor Walker. I have learned a lot through seminars, practice talks,

discussions and traveling with them. Joe Bockhorst, Mark Goadrich, Michael Molla, and Soumya

Ray have been especially good friends as they started in the machine learning group around the

same time as I did and we have gone through many of the same hurdles together.

I thank the following sources of funding, all of which have made it possible for me to pursue

my own research: U.S. National Institutes of Health (NIH 5 T32 GM08349), U.S. National Library

of Medicine (5T15LM005359), U.S. Air Force grant F30602-01-2-0571, and U.S. Department of

Energy (DOE-GTL award DE-FG02-04ER25627).

I have met many friends in Madison and am afraid there are far too many to list. Many who

started in the computer science graduate program in the same year as I did or a few years before

or after, as have a few outside of the department, have become close friends. In particular, Matt

Anderson, Drew and Jenn Bernat, Jen and Brad Beckmann, Ana and Pedro Bizarro, Trey Cain

and Heather Swanson, Rich Chang, Mihai Christodorescu and Sondra Renly, Jesse Davis and

Allison Holloway, Vuk Ercegovac and Magdalena Karakova, Mark and Laura Goadrich, Jaime

Frey, Alexey Loginov and Wendy Sthokal, Sean McIlwain, Amy Millen, Christina and Richard

Oberlin, Andrew Palmer, Maleeha Qazi, Dan Sorin, Vanitha Suresh, Corinna and Philip Wells. Jen

Beckmann, Jenny Cotner, Drew Larsen, Kevin Moore, Florentina Popovici, Maleeha Qazi, Drew

Repoza, Laurie Schubert, Karen Spach, Hao Wang and the members of the Oak Street Ramblers

and their families have become especially cherished friends.



vi

I also thank Bev, Fred and Jason Hartline, Jason Miller, Michel van der List, Sridhar Hannen-

halli, Pangkaj Agarwal, and Jaime Duckworth for directly or indirectly encouraging me early on

to pursue this dream.

I am grateful to my long time best friends, Kenneth Yap, and Min Zhong who despite being far

away have always been there for me. Min, with her regular weekly calls has been very supportive

throughout. Kenneth, whom I have known since my childhood days, has been a source of inspi-

ration and confidence booster for as long as I’ve known him. We have shared many phases of the

journey of our lives through many extremely long phone conversations among other experiences.

Many thanks to my extended family, who have been especially supportive and helpful despite

living many miles away. My parents, Julie and Larry Beers, have provided support and encour-

agement, as have my brother, Ronnie Ong. My in-laws, Bernard and Jean Alderman, have been

loving, and wonderful in keeping up with the progress of my work and have always celebrated

each hurdle I passed.

Lastly I thank my daughter, Lillian, and husband, Ian Alderman. Lillian teaches me to put

things in perspective and to enjoy the simple things in life. Ian has been a wonderful partner in all

things. My life has been made so much richer for all that we share.



DISCARD THIS PAGE



vii

TABLE OF CONTENTS

Page

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Machine Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 The Gene Regulatory Network Problem . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Thesis Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.4 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Modeling Regulatory Pathways in E. coli from Time Series Expression Profiles . . . 11

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Materials: Data and Software . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.3 Dynamic Bayesian Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.1 Modeling Relationships Among Genes . . . . . . . . . . . . . . . . . . . 15
2.3.2 Incorporating Prior Knowledge or Environmental Factors . . . . . . . . . . 16
2.3.3 Modeling the Concept of Time . . . . . . . . . . . . . . . . . . . . . . . . 19
2.3.4 Structure Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.5 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.6 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3 Computational Model to Guide the Design of Time Series Experiments . . . . . . . 29

3.1 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.2 Definitions and terminology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.3 Boolean DBN from 2-slice data . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.4 Boolean DBN from r-slice data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.5 Stochastic model of Boolean DBN from 2-slice data . . . . . . . . . . . . . . . . . 39



viii

Page

3.6 Experiments using Synthetic Data . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.7 Lessons and limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4 Scaling FOIL for Multi-Relational Learning on Large Datasets . . . . . . . . . . . 47

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
4.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.3 FOIL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.4 FOIL-D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.5 Computational cost of FOIL-D . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.6 FOIL-DH: Estimating the size of join tables . . . . . . . . . . . . . . . . . . . . . 53
4.7 FOIL-DH(F): Estimating the highest gain literal . . . . . . . . . . . . . . . . . . . 56
4.8 Experimental results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

5 Inferring Regulatory Networks from Time Series Expression and Relational Data
via Inductive Logic Programming . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
5.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
5.3 ILP and Aleph . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
5.4 Data and Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
5.5 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
5.7 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

6 Mode Directed Pathfinding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
6.2 Path Finding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
6.3 The Saturated Clause and Hypergraph . . . . . . . . . . . . . . . . . . . . . . . . 85
6.4 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
6.5 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
6.6 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

7.1 Modeling Gene Regulatory Pathways . . . . . . . . . . . . . . . . . . . . . . . . 96
7.2 Computational Model to Guide the Design of Time Series Experiments . . . . . . 97
7.3 Scaling FOIL for Multi-Relational Data Mining of Large Datasets . . . . . . . . . 98



ix

Page

7.4 Inferring Regulatory Networks from Time Series Expression Data and Relational
Data via Inductive Logic Programming . . . . . . . . . . . . . . . . . . . . . . . . 98

7.5 Mode Directed Pathfinding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
7.6 Last Words . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

LIST OF REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101



DISCARD THIS PAGE



x

LIST OF TABLES

Table Page

2.1 Summary from the results of the DBN model. The operons listed on the right are one
of the 9 key operons or tyrR that appeared as one of the 20 most probable parents of
the operons on the left. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.1 The FOIL algorithm. Given a set of tuples, POS, in the target relation, a set of
tuples, NEG, not in the target relation and sets for tuples B1, ..., BM that define M
background relations, FOIL returns a set of first-order rules for the target relation. The
symbol⇐ indicates variable assignment and the symbol← indicates logical implication. 50

4.2 SQL statements used by FOIL-D. The left-hand-column indicates line numbers from
Table 4.1 where FOIL-D issues database queries. The right-hand-column lists the
corresponding SQL statements. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.3 Rules learned for target relation can-reach . . . . . . . . . . . . . . . . . . . . . . . . 58

4.4 Rules learned for target relation eastbound . . . . . . . . . . . . . . . . . . . . . . . 58

4.5 Rules learned for target relation uncle . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.6 Rules learned for target relation mother . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.1 Cross validation accuracies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6.1 Comparison of the number and length of clauses for Aleph versus Path Finding . . . . 93

6.2 Test Set Performance (results given as percentage) . . . . . . . . . . . . . . . . . . . 94



DISCARD THIS PAGE



xi

LIST OF FIGURES

Figure Page

1.1 Gene regulatory network [53]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Central dogma [54]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3 Example of an approximately 40,000 probe microarray with enlarged inset to show
detail. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1 (a) Example of a Bayesian network structure. ↑ represents up regulation and ↓ repre-
sents down regulation. (b) Nodes that are not shaded are hidden, i.e. nodes without
observable data, and shaded nodes indicate nodes that have observable data. Hence
the operon and activator nodes are hidden and the gene nodes are observed nodes. . . . 17

2.2 A model (not a BN graph) of how the 9 key operons (italicized) in the tryptophan
regulon, groups of operons that are co-regulated, influence each other. This structure
was constructed by the authors based on Khodursky et al. [83]. Operon names are
abbreviated. The tryptophan node represents the molecule. tyrR is not part of the
tryptophan regulon but it influences key operons within the regulon. The tryptophan
and tyrR nodes serve to connect the interactions between the 9 key operons. . . . . . . 19

2.3 An example of a Dynamic Bayesian network structure. Time slices are represented by
t=0, t=1, ..., t=n, where n is the number of time step experiments for which there are
observable data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4 Abstract Dynamic Bayesian network structure with conditional probability tables (CPTs)
for each arc in the model. Time slices three and four (not shown) are identical to time
slice one and two. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.5 Detailed view of our initial Dynamic Bayesian network structure showing intra and
inter time slice connections . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.1 Example of probabilistic CPTs as part of a DBN. . . . . . . . . . . . . . . . . . . . . 32

3.2 Cycle with period 2
n
3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37



xii

Figure Page

3.3 Base case construction (a,b and c) and inductive case construction (d,e and f) of in-
ductive proof of Lemma 3.4.3. Construction includes bit counter (a,d), previous bit
memory (b,e) and 0-to-1 flag (c,f). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.4 Errors as the number of samples, n varies: low n . . . . . . . . . . . . . . . . . . . . 43

3.5 Errors as the number of samples, n varies: high n . . . . . . . . . . . . . . . . . . . . 44

4.1 A small network, where←− indicates linked-to [121] . . . . . . . . . . . . . . . . . 57

4.2 Eastbound and westbound trains from Michalski et al. [97] . . . . . . . . . . . . . . . 59

4.3 Two family trees, where = means married-to, from [65] and [121] . . . . . . . . . . . 60

4.4 Estimated gain versus actual gain calculations for adding the first literal in the relation
uncle. The literal with the highest scoring true gain, niece(X1,X0), has true gain of
near 12 and estimated gain of near 5. This literal is not chosen by FOIL-DH(0),
but since this literal has the highest estimated score of the literals with multiple old
variables it is correctly chosen by FOIL-DH(1). . . . . . . . . . . . . . . . . . . . . . 61

4.5 Total number of JOINs performed for the different FOIL types when learning the
following relations (in order from left to right in the histogram): can-reach, eastbound,
mother, father, wife, husband, son, daughter, sister, brother, aunt, uncle, niece, nephew 63

5.1 Simple DBN model. Labeled circles within a dotted oval represent our variables in
one time slice. Formally, arcs connecting variables from one time slice to variables
in the next have the same meaning as in a BN, but they intuitively carry a stronger
implication of causality. We note that in a DBN with more time slices, the arcs are
always the same, e.g., the arc from X1 at time slice 1 to X2 at time slice 2 is also
present from time slice t to time slice t + 1 for all 1 ≤ t < T where T is the last time
slice in the model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.2 (a) X1 may be a good predictor of X2, but is X1 regulating X2? (b) Ground truth
might be any one of these or a more complicated variant. . . . . . . . . . . . . . . . . 67

5.3 Learned graph of interactions from successful proofs amongst the 19 genes in DNA
damage checkpoint pathway from Harrison and Haber [60]. Straight edges represent
protein-protein interactions. The width of a line in the graph is an indication of the
number of examples that used this interaction in a proof. . . . . . . . . . . . . . . . . 75



xiii

Figure Page

5.4 Learned graph of interactions from successful proofs for the DNA damage checkpoint
pathway. Straight edges represent protein-protein interactions, solid lined arrows rep-
resent transcription factor to target gene interaction, and dotted arcs represent kinase
to substrate phosphorylation. The width of a line in the graph is an indication of the
number of examples that used this interaction in a proof. A larger figure can be found
at: http://www.biostat.wisc.edu/˜ong/new2a.ps . . . . . . . . . . . . . . . . . . . . . 76

6.1 Graph showing branching factor of protein-protein interactions [55]. . . . . . . . . . . 80

6.2 Search space induced by a saturated clause. The literal at the root of the graph repre-
sents the head of the saturated clause. All the other literals in the graph appear in the
body of the saturated clause. Bold arcs indicate a possibly interesting path linking X
to Y. Dotted arcs indicate parts of the search space that will not lead to determining
connectivity of the two entities. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

6.3 (a) Family tree domain from Hinton [66]. (b) Expanded nodes 1 hop away from nodes
Arthur and Charlotte. Since no intersection was found, continue to expand nodes.
(c) Expand all paths originating from Arthur; Victoria is at the intersection of paths
from Arthur and Charlotte, hence a path if found. The bold arcs indicate a path
found. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

6.4 (a) Hypergraph of our example saturated clause (a(X, Y ) is the head of the saturated
clause, ’+’ indicates input variable, ’−’ indicates output variable): a(X, Y ) ←
c(X, W ), c(X, B), b(Y, Z), b(Y, A), d(W, F ), e(Z, C), g(A, F ), e(F, B, D), f(C, B). (b)
Transformation of hypergraph from (a) splits the head literal into its component ar-
guments, which then serve as different sources for the path finding algorithm. The
number preceeding each literal indicates the number by which we will refer to the
literal in Figure 6.5. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86



xiv

Figure Page

6.5 Illustration of path finding algorithm using mode declarations. Given transformed hy-
pergraph in Figure 6.4b, which includes information for input and output variables
for each node or literal and source nodes 1 and 2, the algorithm in Figure 6.6 returns
a list of paths connecting all input variables. The algorithm iterates by depth, as il-
lustrated above on the left hand side. Current paths are expanded at each depth if the
node to be expanded’s input variables are bound. Otherwise, they are crossed out
like P (2, 2) and P (3, 3). V ariableSet(s, d) represents the set of variables reachable
from source argument s at depth d. They are used to find common variables between
variable sets of different sources at a particular depth. Hyperpaths found so far are in-
dicated by P (d, n), where d indicates the depth and n is the node index at that depth.
Paths found are indicated with P (d, n1) − P (d, n2) representing the hyperpaths that
are connected. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

6.6 Path finding pseudocode: Main routine. . . . . . . . . . . . . . . . . . . . . . . . . . 91

6.7 Path finding pseudocode: Expanding list by depth. . . . . . . . . . . . . . . . . . . . 92



COMPUTATIONAL TECHNIQUES FOR INFERRING REGULATORY NETWORKS

Irene M. Ong

Under the supervision of Associate Professor C. David Page

At the University of Wisconsin-Madison

In this era where healthcare is one of the world’s largest and fastest growing industries, there is

great interest in understanding cells at the molecular level. Fortunately, innovations in experimental

technology continue to spur the quantity and types of high-throughput biological data that can be

measured. Analyzing the combination of these data sets could lead to novel discoveries in biology
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Chapter 1

Introduction

Technological advances have always been a catalyst for change. The development of the

personal computer and the internet have made computers ever more ubiquitous, and an integral

part of science, business and society. When advancement in experimental technology made high-

throughput biological data collection feasible, a new field of study, namely computational biology,

emerged and changed the way biological research is done. In the past, most discoveries in biol-

ogy involved years of research and expensive experiments in order to uncover few details about

a specific gene, protein or process. The competition to be the first to complete the sequencing of

the human genome propelled the field of computational biology as it brought together advances in

sequencing technology and computational techniques. As a consequence, scientists today can use

high-throughput methods to simultaneously measure the activity levels of thousands of genes or

proteins in a population of cells and then relegate the task of uncovering the underlying process or

pattern to computational methods.

The primary focus of this thesis is the development of computational techniques for inferring

gene regulatory networks from time series measurements and other biological data. Inferring gene

regulatory networks involves learning the interaction of genes or the circuitry that underlies the

regulation of cells in response to internal and external stimuli. Gaining insight into the regulation

of cells can lead to possible advances in medical treatment, as many diseases are caused by a break-

down of a particular component along a pathway. Understanding the design of these networks will

enable the most effective molecular targets within the pathway to be chosen for pharmaceuticals

and possibly further engineering methods [125]. In order to learn from biological data we use
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machine learning methods to infer this network from a combination of dynamic and static infor-

mation.

1.1 Machine Learning

Machine learning is a broad subfield of artificial intelligence concerned with the development

of algorithms and techniques that allow computers to “learn” from observed facts. The task of

learning is easy for humans, but when datasets are large or have many complex features, it is

helpful to have techniques that can generalize from data. This ability to automatically generalize

from data in any domain is a strength of machine learning. This strength has led to the use of

machine learning in a wide spectrum of applications ranging from the sciences to the social sci-

ences including health care, business and crime prevention. Fueling the trend are the digitization

of information, ever faster and cheaper computing, and the explosion of online networks and data

collection.

A common technique of machine learning is known as supervised learning, where a learning

algorithm generates a function that maps inputs to desired outputs. One standard formulation of

the supervised learning task is the classification problem, whereby a learner learns to approximate

a function which maps a vector of features, into one of several classes by analyzing several input-

output examples [100]. The kind of input-output examples that are required for a system that has

to distinguish whether a new patient has breast cancer or not might include mammography images,

expert mammographers’ annotations of features in the mammography images, and the diagnoses

of malignant or normal for each patient [20].

The process of learning typically involves training, validation and testing to determine the

accuracy of a learned model. A training set of examples is analyzed and some representation of

the newly learned knowledge is stored. Parameters of the learning algorithm may be adjusted by

optimizing performance on a subset, known as a validation set, of the training set. After parameter

adjustment and learning, the performance of the algorithm may be measured on a test set that is

separate from the training set. Cross-validation is a way of partitioning a sample of data into subsets

such that the analysis is initially performed on a single subset, while the other subset(s) are retained
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for subsequent use in confirming and validating the initial analysis. Cross validation is important in

guarding against testing hypotheses suggested by the data, which can be biased especially if there

are few samples. Cross validation also provides an approach to estimate variance of the models

learned from different training sets.

1.2 The Gene Regulatory Network Problem

Many years of painstaking, laborious research in biological systems have provided us with

the understanding that a large number of functionally diverse and often multifunctional sets of

molecules interact selectively over space and time in response to stimuli [86]. However, many of

the details including the timing and interactions among DNA (genes), mRNA and proteins in regu-

latory networks (Figure 1.1) remain unknown. Over the past decade, high-throughput genomic and

proteomic technologies have vastly transformed the approach to interpreting processes of cellular

systems by ushering in the combination of experimental and computational techniques to study the

inner workings of the cell [149].

Every cell contains a large number of genes, each of which codes for machinery that keeps the

cell alive. Specifically, a gene is comprised of DNA bases that encode the information required for

the construction of a specific protein via an intermediary molecule known as RNA. The expression

of genes is the process whereby the DNA code is transcribed into RNA, which then in turn is

translated into a protein. Individual genes are expressed at different levels and at different times

depending on environmental factors (such as temperature change or starvation) and the stage of the

cell in its life cycle.

At the molecular level, genes are transcribed when RNA Polymerase (RNAP), a protein com-

plex that recognizes and binds to a particular code in the DNA sequence called a promoter, unravels

the DNA and traverses the bases in a particular direction, simultaneously synthesizing mRNA from

the DNA template. This proceeds until RNAP reaches a code in the DNA that causes the RNAP

to fall off and release the mRNA product, ending transcription. Regulation of transcription is not

dependent merely on the recognition of a promoter by RNAP. There are regions near the promoter
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Figure 1.1 Gene regulatory network [53].
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called transcription factor binding sites, which are recognized and bound by proteins called tran-

scription factors that either enhance or inhibit the affinity of RNAP for certain promoters [69].

Usually, the RNA product then becomes involved in a process called translation and serves as

a blueprint for synthesizing proteins in a process called translation. RNA binds to a large protein

complex known as the ribosome, which matches each three-base codon of the mRNA to a specific

form of transfer RNA (tRNA) containing the complementary three-base sequence. This tRNA, in

turn, transfers a single amino acid to a growing protein chain. This sequence of events is known as

the central dogma (Figure 1.2).

In some organisms such as bacteria, RNA molecules can arise from the transcription of more

than a single gene. A set of genes transcribed into a single RNA molecule is known as an operon.

The concept of an operon allows genes coding for proteins that work cooperatively to be “switched

on” or “switched off” as a group.

In an effort to detect the expression of genes, molecular biologists have utilized the comple-

mentarity of DNA and RNA molecules. DNA bases are comprised of Adenine (A), Cytosine (C),

Guanine (G) and Thymine (T), and RNA bases are similarly comprised of A, C and G along with

Uracil (U) in place of T. Since each base strongly prefers to bind with its complement, A with T

(or U) and G with C, a strand of DNA or RNA has a strong affinity for its reverse complement.

This property has been adopted to create probes (used as bait to detect complementary RNA

molecules) attached onto a surface to detect the expression of hundreds of thousands of genes.

Gene microarrays (Figure 1.3) allow the measurement of expression of a protein intermediate

called mRNA [135], making it possible for scientists to measure the activity level of thousands of

genes simultaneously, providing a more complete snapshot of processes happening within the cell.

Time series expression experiments can provide even more information by giving a sense of the

dynamics of the expression of thousands of genes.

Ideally, scientists would like to directly measure protein abundance and phosphorylation activ-

ity, but this is difficult with current technology since proteins are much more complex molecules.

As proteins are synthesized from RNA, they fold into their lowest energy conformation and may

have to further associate with other proteins to form a complex before they can carry out their tasks.
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Figure 1.2 Central dogma [54].
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Figure 1.3 Example of an approximately 40,000 probe microarray with enlarged inset to show
detail.
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Additionally, some proteins may require post-translation modification such as phosphorylation in

order to activate the protein. Furthermore, some proteins are mobile while others are embedded

in membranes, making them static. There are currently ways to detect various proteins using 2-D

gel electrophoresis, mass spectroscopy, or nuclear magnetic resonance; however, each has draw-

backs. Post-translational modifications can also be detected in a high-throughput fashion by mass

spectroscopy, but this technology is still being developed.

Decades of research to tease out specific details about genes and other aspects particular to

each model organism exists in numerous databases. There are databases containing information

ranging from gene related data to protein-protein interactions to transcription factor data that are

freely accessible to the public. One of the biggest challenges in computational biology is to make

sense of the vast amounts of information and data that have been collected by various laboratories

on different samples, under different environments via different technologies [40].

Scientists are interested in learning the network of gene-gene interactions that signify genes

activating other sets of genes. This task presents numerous challenges including, but not limited

to:

• Training data contain missing values, there is noise in the data, and the process is only

partially observable.

• Training data are heterogeneous.

• Data are measurements from a population of cells.

• Training data have different time steps between and within experiments.

• Data are assumed to be sampled at the appropriate intervals for experiments and genes.

We address a few of these issues in this thesis and propose ways to possibly address others in future

work.

The task that motivates the work of this thesis is:

Given:
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• Time series expression data for a subset of genes in a genome.

• Relational data for the particular organism such as known and predicted operon to gene

maps, transcription factors of genes, protein-protein interactions and proteins that are known

to be phosphorylated by particular kinases.

Do:

• Use machine learning methods to learn models or rules of the regulatory network from sub-

sets of different sources of the data above.

1.3 Thesis Statement

We propose and evaluate machine learning algorithms for the difficult task of inferring regu-

latory networks. We hypothesize that current methods for inferring regulatory networks can be

improved by: (i) exploiting prior knowledge, (ii) exploiting temporal information to determine

causality, (iii) using theoretical results developed for the modeling of time series gene expression

data to guide experimental decisions, (iv) learning small subnetworks using multiple sources of

data, and (v) learning rules about regulatory networks.

1.4 Outline

The remainder of this thesis is outlined as follows:

• Chapter 2 describes the use of a probabilistic model for predicting regulatory networks from

the combination of time series microarray data and known and predicted operon to gene

maps.

• Chapter 3 describes the theoretical analysis of learning with dynamic Bayesian networks

(DBNs) and using the computational model to guide the design of time series experiments.

• Chapter 4 presents a method for scaling FOIL for multi-relational data mining of large

datasets.
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• Chapter 5 extends the approach of searching for rules supported by the data by performing

pathfinding within the lattice of saturated bottom clauses.

• Chapter 6 describes the use of inductive logic programming for learning rules about regula-

tory networks from time series expression data and relational data.

• Chapter 7 contains concluding remarks, including a review of the contributions of this thesis

and possible future directions.
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Chapter 2

Modeling Regulatory Pathways in E. coli from Time Series Ex-
pression Profiles

2.1 Introduction

Living cells contain thousands of genes, each of which codes for one or more proteins. Many

of these proteins in turn regulate expression of genes through complex regulatory pathways to

accommodate changes in their environment or carry out the organism’s developmental program.

The key to understanding living processes is uncovering this genome-wide circuitry that underlies

the regulation of cells.

Genome-wide DNA microarrays are a powerful tool, providing a glimpse of the signals and

interactions within regulatory pathways of the cell. They enable the simultaneous measurement of

mRNA abundance of most if not all identified genes in a genome under normal conditions or under

various treatments or perturbations. A drawback of the current technology of DNA microarrays is

that low mRNA expression levels can be very hard to detect. Additionally, steady state or single

time point expression profiles do not allow us to discover sequences of regulatory events. The

difficulty in detecting low mRNA expression levels can be controlled in some genes by the use

of biological knowledge in the analysis. The latter problem can be alleviated by performing time

series experiments using DNA microarrays, which will provide a better picture of the signals and

interactions over time1.

Friedman et al. [45] were the first to address the task of determining properties of the tran-

scriptional program of an organism (Baker’s yeast) by using Bayesian networks to analyze gene
1Time series experiments will provide a better understanding of the interactions within the cell provided the time

steps are taken within intervals appropriate for capturing important molecular activity.
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expression data. Their method can represent the dependence between interacting genes, but it does

not show how genes regulate each other over time in the complex workings of genetic networks.

Analysis of time series data potentially allows us to determine regulatory pathways rather than just

associating genes that are co-regulated together.

In certain organisms such as Escherichia coli, there are many sets of genes that are already

known to be transcribed together and hence strongly co-regulated. These sequences of genes that

are transcribed together into mRNA on their way to being expressed as proteins are known as

operons. In this case, since we already know or can predict which genes are regulated together, it

would be ideal to use this knowledge in the analysis technique rather than relearn it.

Using a Dynamic Bayesian network (DBN), a close relative of Bayesian network (BN), has

several advantages. In addition to being well suited to handling time series data, this framework

can handle missing data in a principled way as well as model stochasticity, prior knowledge and

hidden variables [105]. To our knowledge Friedman et al. [46] and Murphy and Mian [105] are to

be credited with first proposing the suitability of DBNs for modeling time series gene expression

microarray data. The primary contribution of this work is to test this DBN approach on real time

series microarray data. A secondary contribution is the incorporation of the results of a previous

application of Bayesian inference (naı̈ve Bayes) as background knowledge for this new application.

This naı̈ve Bayes approach used a variety of evidence sources, including earlier microarray data

from the Blattner Laboratory at the University of Wisconsin, to predict the operons in E. coli. The

goal of that work was to produce an accurate operon map that could later be used in the prediction

of regulatory pathways in E. coli.

The present chapter describes a next step in this direction. The focus of this chapter is to ad-

dress how one could approximately model the interactions of sets of genes automatically using

prior biological knowledge and time series expression profiles. Does the use of prior knowledge or

the use of time series expression profiles help determine broader correlations? Can we learn hier-

archical connections between sets of co-regulated genes, and ultimately learn connections between

multiple signal transduction pathways?
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We introduce an approach to determining transcriptional regulatory pathways by applying Dy-

namic Bayesian network to time series gene expression data from DNA microarray hybridization

experiments. Our approach involves building an initial DBN structure that exploits biological

knowledge of operons and their associated genes. We further use a domain expert’s best guess to

initialize the probabilities of how the state of an operon might affect the genes within that operon

or that of another operon.

We evaluate our approach on a study by Khodursky et al. [83], who performed time series

experiments to analyze gene expression in response to physiological changes that affect tryptophan

metabolism in E. coli.

2.2 Materials: Data and Software

To test our hypotheses, this chapter reports the analysis of time series gene expression data

from Khodursky et al. [83]. This data set is used because it is focused on tryptophan metabolism,

a well studied regulatory process, making it an excellent check for the reverse engineering of a

genetic network. Our eventual goal is to develop a tool for analyzing larger collections of time

series expression data on E. coli.

It should be noted that a common problem with current microarray expression data is a small

number of data points and a large number of features. This is especially true of time series data.

The present data set consists of 12 data points, from 4 time steps under tryptophan-rich conditions

and 2 sets of 4 time steps under tryptophan-starved conditions. These data points consist of 169

genes that were selected based on their expression levels by Khodursky et al. [83], and were the

only data made available at the start of the present study. Nevertheless it is hoped that discretization

and reasonable priors will partially offset noise and permit useful results to be obtained. All the

data for both conditions are used (except where indicated) in each of the experiments below to

learn how the different environmental conditions affect the regulatory pathway.

The Bayes Net Toolbox [104] software package written by Kevin Murphy was used for the

experiments in this chapter because it already provided the necessary functionalities for building

Bayesian networks, as well as an implementation of Expectation Maximization (EM) for learning
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the conditional probability tables. We constructed the initial BN structure and learned the param-

eters of the model using the methods provided in Bayes Net Toolbox. Within this framework we

implemented the structure search described in section 2.3.4.

Our operon map includes both known operons from Salgado et al. [134] and predicted oper-

ons from Craven et al. [27]. The latter work maps every known and putative gene in the E. coli

genome into its most probable operon. This map makes the simplifying assumption (rarely but

occasionally violated in reality) that every gene appears in exactly one operon. The accuracy of

the map (percentage of genes placed in the correct operon) is estimated at about 95% using 10-fold

cross-validation.

We assume that this operon map is correct and use it to build our initial BN and DBN struc-

tures2. Furthermore, the initial probabilities used in our BN and DBN structures are Dirichlet

priors obtained from a domain expert. The initial probabilities for a DBN could be dependent on

the nature of the experiments and the amount of elapsed time between time points3. However, our

only insight into these dependencies was largely gleaned from looking at the data, hence, we did

not encode these insights into our DBN to avoid biasing our results.

The evidence variables in our BN and DBN are the discretized gene expression levels from the

experiments with excess tryptophan and tryptophan starvation. We define up regulated (↑) or down

regulated (↓) as the possible discrete values to avoid choosing arbitrary thresholds. In particular,

we compare the expression levels between two consecutive time series measurements to determine

whether there was an increase or decrease in expression levels. Note that we are determining the

relative change in expression from one time step to another (even for the non time series BN model)

rather than absolute absent or present calls.
2The full operon map, with an interactive graphical interface, is available online at http://apps.biostat.wisc.edu/˜ml-

group/GenomeViewerButton.html.
3If time points are not equally spaced, we may want to initialize the DBN with different probabilities across time

points.
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2.3 Dynamic Bayesian Network

We describe in detail how we use prior knowledge to build an initial dynamic Bayesian network

structure and then use that initial structure to learn a regulatory model from microarray data.

2.3.1 Modeling Relationships Among Genes

The task of automatically discovering a model that represents relationships among genes from

noisy expression data involves a significant amount of uncertainty. The entire experimental process

allows for the introduction of uncountable variables as well as measurement errors. Also, the fact

that we can only partially observe the happenings among a collection of cells makes it impossible to

construct an accurate model from expression data. Therefore it is helpful to model this uncertainty.

Instead of simply stating gene A and gene B are correlated, probability provides us with a way

to express how certain we are about the correlation. If evidence strongly suggests that gene A

and gene B are highly correlated, (i.e. the data shows that when expression level of gene A is up

regulated (↑), then gene B is also up regulated) then the probability that gene B is ↑ given that gene

A is ↑ would be close to 1, otherwise it would be closer to 0. This probability assignment can be

denoted as P(gene B=↑ |gene A=↑) = 0.95.

A visual, intuitive and compact way of representing relationships between genes is via the use

of graphical structures. We let genes A and B be represented by nodes and an arc from gene A to

gene B denote that gene A influences gene B. We associate small probability tables with the nodes

to summarize how gene B is affected by gene A (its parent) and how gene A is not affected by

anything since it has no parent. Evidence or data for gene A and B are assigned to gene A and B’s

nodes respectively and are used to adjust the values in the local probability tables. This example

of a Bayesian network is shown in Figure 2.1(a).

In order to find the relationships among genes in our dataset, we can use the BN model to

represent all the genes in our dataset. Initial or prior probability settings for the local probability

tables can be uniform ( 1

n
where n is the number of possible values) if no prior information is
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known. The local probability tables can then be updated automatically based on actual counts of

the data. Now we can perform a search for the most likely graph given the data.

We construct such a network, called BNreg, and perform the structure search described in

section 2.3.4 We later compare the results of this network to that of a Bayesian network with an

explicit model of operons. By performing this comparison we will be able to determine whether the

latter model is better at learning useful correlations among genes than the straightforward approach

of BNreg.

2.3.2 Incorporating Prior Knowledge or Environmental Factors

There are three important reasons to incorporate explicit operon nodes into the BN model even

though operon transcription levels are not observed. First, if we use nodes for genes only, and allow

the learning algorithm to induce arcs between genes, it will induce many “useless” arcs between

genes in the same operon. For example, if gene A and gene B are both in operon O, then we would

expect the expression level of gene A to be an excellent predictor of the expression level of gene

B, but this would provide no new insight. Second, incorporation of operons in the model can help

combat problems due to noise. For example, the operon that codes for tryptophan, trpLEDCBA

(also known as trp), contains a leader, trpL, whose expression did not meet the selection of gene-

specific thresholds in the microarray data, and five genes: trpA, trpB, trpC, trpD, and trpE. Because

of noise in microarray experiments, the measured expression level for trpC might be low. But

the five different gene expression measurements give us essentially five independent indicators

of trp transcription, reducing the effect of noise in the measurement of trpC expression. Third,

by searching for interactions among operons rather than genes, we reduce the space of possible

models.

Let us assume that we know gene A and gene B are co-transcribed genes in an operon, operon

O, and that operon O is transcribed into mRNA when it is initiated by a molecule called an activator,

activator O. The fact that gene A and gene B are in the same operon explains the high correlation

between the two genes. Hence we can restructure the graph to represent this knowledge in Figure

2.1(b). Because we cannot directly measure the operon or activator’s expression level, we regard
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Figure 2.1 (a) Example of a Bayesian network structure. ↑ represents up regulation and ↓
represents down regulation. (b) Nodes that are not shaded are hidden, i.e. nodes without

observable data, and shaded nodes indicate nodes that have observable data. Hence the operon
and activator nodes are hidden and the gene nodes are observed nodes.
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them as hidden nodes since we do not have any evidence for those nodes. If technology permitted

us to obtain a measure of the amount of activator molecule in a cell or if we know the amount of

activator molecule present in the environment, we would model the activator node as an observed

node just like genes A and B. The values in the local probability tables for the hidden nodes are

estimated from the graph structure, observed data and initial or prior probabilities associated with

the hidden nodes.

Note that the local probability tables for gene A and gene B have changed from Figure 2.1(a).

Gene A and gene B now depend on their parent, operon O. While gene A and gene B are correlated,

once we know the value of operon O (that it is activated), gene A becomes independent of gene

B. Additionally, genes A and B are independent of activator O given its parent, operon O. This is

known as conditional independence, which is a key property of Bayesian networks. The lack of

arcs implies conditional independence, i.e. a node is independent of all non-descendent nodes in

the graph given its parents. A fundamental property of BNs is that given an acyclic graph and the

set of local probabilities associated with it (also known as conditional probability tables since the

probabilities are conditional on the parent’s values) we can uniquely determine the joint probability

distribution.

We build our initial BN structure with the model of operons as described above for all the genes

in our dataset from our operon map. Since an operon’s transcription level affects the expression

levels of the genes in that operon, we show this causality with arcs from the operon to its associated

genes. Uniform priors are used for the operons, and a domain expert’s best guess is used to set the

informative priors for how the effect on an operon would affect the genes within that operon. The

latter initial probability values, the same as that in our initial DBN model, are shown abstractly in

Figure 2.4. The search results for this BN model with operons, BNop, are compared with that of

BNreg in section 2.4.

Two other experiments using the BNop structure are performed to determine whether separating

the data based on the treatment of the cells would allow us to learn a finer structure. BNop excess

uses the data under tryptophan-rich conditions, whereas BNop starve uses data under tryptophan-

starved conditions.
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Figure 2.2 A model (not a BN graph) of how the 9 key operons (italicized) in the tryptophan
regulon, groups of operons that are co-regulated, influence each other. This structure was

constructed by the authors based on Khodursky et al. [83]. Operon names are abbreviated. The
tryptophan node represents the molecule. tyrR is not part of the tryptophan regulon but it

influences key operons within the regulon. The tryptophan and tyrR nodes serve to connect the
interactions between the 9 key operons.

2.3.3 Modeling the Concept of Time

Time series expression data can provide insight into causality4 and the regulation of cells as

they change over time. Dynamic Bayesian networks gracefully scale up BNs to handle the analy-

sis of time series data. In addition, DBNs can also model feedback loops, which are not possible

for BNs due to the acyclicity constraint. To see why this is an important feature for modeling reg-

ulatory pathways, see Figure 2.2, which shows how some operons rely on a feedback mechanism

to regulate transcription.

The Dynamic Bayesian network relies on the same properties as that of Bayesian networks with

the addition of modeling genes or operons as they evolve over time. Using a simplified version of

the model from Figure 2.1(b) as an example, we show in Figure 2.3 how the concept of time can

be modeled by simply replicating the structure for each time step. The structure at time t=0 is not

the same as the other time slices because the purpose of operon O at t=0 is to model the effect it

has on operon O at t=1 (to start off the chain).
4Causality can also be inferred by using the method proposed by Pe’er et al. [116] if cells with deletions or

mutations of specific genes are available.
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Figure 2.3 An example of a Dynamic Bayesian network structure. Time slices are represented by
t=0, t=1, ..., t=n, where n is the number of time step experiments for which there are observable

data.

Since each time slice in a DBN is identical in structure to the next, we can just replicate the

structure of BNop four times (our data has four time steps) to build our initial DBN structure

modeling operons. This leaves the arcs from the hidden variables of one time step to the hidden

variables of the next time step undetermined. Since an operon’s expression level from one time

step typically reflects its expression level at the next time step, we add these arcs as shown in the

detailed DBN structure in Figure 2.5.

Note that the operons at time t+1 (operon(i)t+1, where i indicates the ith operon) are inde-

pendent of operon(i)t−1 given operon(i)t because of the conditional independence assumptions.

This states that the future is independent of the past given the present. We can work around this

assumption by adding an additional arcs from operont−2 to operont to indicate that the present

also depends on the events from two time steps ago. However, the computational costs increase

exponentially.

As before, the domain expert’s best guess is used to set the initial probability values for all

the 142 hidden nodes and 169 evidence nodes. The abstract structure of our initial DBN model,

DBNop, along with the prior probabilities are shown in Figure 2.4. Any additional arc among hid-

den nodes, as well as all posterior CPT probabilities, must be inferred from time series microarray

data for E. coli.
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slice one and two.
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2.3.4 Structure Learning

To perform structure learning for our BN models, we focused on key genes or operons known

to be affected by the absence or presence of tryptophan in the environment. For BNreg, there are

15 such key genes. Similarly, for BNop we focused on the corresponding 9 key operons. For each

of these genes (operons) in BNreg (BNop), we consider all the other genes (operons) as possible

parents. At each step, we use the Expectation Maximization (EM) algorithm to update all CPTs in

the model to give a (local) maximum log likelihood. EM will infer values for the hidden variables

as well as missing observations. The log likelihood score from the previous step is used as the

scoring measure to select the 20 most probable parents. This is done because EM is not guaranteed

to find the maximally probable parent and because a large number of structures have the same or

very close scores.

Because of limited data, we consider only simple DBN structural models in which each operon

has at most two incoming arcs, from (1) the same operon at the previous time step, and (2) one

other operon from the previous time step. Each operon begins with one parent—the same operon

at the previous time step. In our full algorithm, for each operon we consider adding a different

operon from the previous time step as a second parent. Each potential parent is considered. For

each such potential second parent, the EM algorithm is employed. If any choice of second parent

increases the log likelihood, then the choice that provides the highest log likelihood is selected.

In general, the preceding cycle through all the operons may need to be repeated several times

for convergence to a locally optimal structure. Despite our structural restrictions the run time

would take over 9 months using the junction tree algorithm as implemented in BN Toolbox. This

is because of the large number of nodes (142 operons, 169 genes, for four time steps) in our DBN

structure. For the long-term, we are experimenting with approximate approaches to speed up the

computations. For the short-term, we focus the algorithm on the 9 key operons; the algorithm

cycles once through these only, but all the other 141 operons are considered as potential parents.

For each operon we record the best 20 choices for the second parent.
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2.4 Results

The results from the BNreg and BNop experiments indicate that modeling operons in the BN

structure provide a more comprehensive view of the tryptophan regulon, groups of operons that

are co-regulated. Without the operon structure, BNreg found some correlations between genes in

the same operon but missed many correlations between genes in different operons.

The BNop structure was able to identify correlations with direct siblings (other children of a

node’s parent), parents, or children for 4 of the 9 operons. trp’s parent, trpR, and siblings, aroH and

mtr, were among trp’s 20 most probable parents. Similarly, each of trpR, mtr and aroH identified

correlations with each other and trpR. The other 3 operons showed correlations with 2 of the 9 key

operons.

The BNreg results showed that all 15 key genes correlated with a subset of these six genes:

trpR, trp, aroH, mtr, aroF and aroP. BNreg found correlations between some but missed other

genes within the same operon. All five genes in the trp operon were found to be probable second

parents when any of the 5 were present. However, tnaA and aroF were not always found to be

correlated with tnaB and tyrA respectively.

It was interesting that the results for BNop excess showed that the operon hisGDCBHAFI in-

fluenced 5 of the 9 key operons. These histidine genes might be correlated to operons in the

tryptophan regulon or alternatively, the cells may have consumed all the histidine in the media

resulting in histidine biosynthesis. BNop excess also showed that many of the 9 key operons were

influenced by the excess tryptophan condition as all of the key operons (except trpR) have between

2 to 6 (which includes trpR) of the 9 operons as a possible 2nd parent.

We were surprised by the results from BNop starve. BNop starve showed that known operons,

hybGFEDCBA, artPIQMJ, rplK-rplA, fecIRABCDE, and predicted operons, yciGFE, yafDE, yi21-

yi22, were influenced by all of the 9 key operons. Khodursky et al. [83] note that in their cluster

analysis genes yciF and yciG form a tight cluster with trpR and related operons. They also noticed

that arginine biosynthetic operons were sensitive to tryptophan changes. The artPIQMJ operon

codes for proteins involved in the arginine transport system.
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Are the other correlations meaningful? It turns out that the rplK ribosomal protein is involved

in regulating the response to starvation for amino acids [162]. The fecIRABCDE operon is actually

2 distinct operons fecABCDE and fecIR (probably an error in the database of Salgado et al. [134]).

fecABCDE is induced under iron limiting conditions or in the presence of ferric citrate and is

under the control of the regulator FUR. We are not sure why it would be involved in the trypto-

phan starvation response, but aroH is known to be more active in the presence of iron [126]. The

hybGFEDCBA operon encodes hydrogenase-2, which is usually used under conditions of anaero-

biosis (low oxygen). We do not know of a reason why the culture conditions would lead to low

oxygen levels, although constant vigorous shaking of the culture during growth is important for

maintaining good aerobic growth conditions. The results could be related to unknown factors in

the experimental methodology of Khodursky et al. [83] such as oxygen levels. yci21 and yci22

proteins are encoded by IS2, an insertion sequence in E. coli. These insertion sequences are mo-

bile DNA elements that are often induced by growth of cells under stressful conditions. The roles

of the yafD and yafE proteins are not clear as they are hypothetical proteins.

BNop starve also showed that trpR was identified to be correlated with almost all of the nine

key operons under the tryptophan starvation condition. mtr and trp were also among the 20 most

probable parents for two of the nine operons. No possible correlation was found for any of the

other nine operons.

A summary of the results from the search of the 20 most probable parents in the DBN structure

are listed in Table 2.1. Seven of the operons that were found in the 20 best parents would correctly

model causality if they were selected as the second best parent to be added. The probability of at

least one of the nine operons plus tyrR being in the top 20 best parents for each of the nine operons

is quite low, at 0.0595. While further experimentation is required, these results provide some initial

evidence supporting the use of time series data to learn causality.
5The probability of picking an operon that is not one of the nine key operons or tyrR (if all genes are equally likely)

is 132

141
. The probability of picking all 20 operons that are not one of the 10 is ( 132

141
)20 = 0.27. Thus, the probability

of getting at least one of the nine key operons is 1 - 0.27 = 0.73. However, the probability of doing this for all nine
operons is (0.73)9 = 0.059.
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Table 2.1 Summary from the results of the DBN model. The operons listed on the right are one
of the 9 key operons or tyrR that appeared as one of the 20 most probable parents of the operons

on the left.
Key operons in tryptophan

regulatory pathway

Operons known to be involved in the tryptophan regulatory

pathway that appeared as one of the 20 most probable par-

ents of the operon on the left

aroF-tyrA tyrR, trpR

aroG aroF-tyrA, aroP, aroH, tyrR

aroH tyrR

aroL-yaiA-aroM trpR, tyrR

aroP tyrR

mtr tyrR

tnaLAB aroF-tyrA

trpLEDCBA aroH, tyrR

trpR aroG
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2.5 Related Work

Methodologies such as clustering or correlation-based techniques [6, 10, 37] and probabilistic

graphical models [4, 45, 61, 88, 164] have been used to learn various aspects of the cellular system

such as inferring gene, metabolic and signaling networks. These techniques form hypotheses about

the underlying mechanism based on patterns extracted from experimental data. Whereas Arkin et

al. [9], Palsson [113], You et al. [165], Schoeberl et al. [136] and Yamada et al. [161] have instead

used simulation to exemplify what is known of the dynamics of the system in order to test the

validity of underlying assumptions and interpret behaviors observed in cell cultures.

One of the earliest and still widely used approach is clustering or correlation-based techniques

[6, 10, 37, 71]. Extensions have included identifying clusters with transcription factor binding

sites to further associate groups of functionally related genes [131]. Ideker et al. [71] used prior

knowledge of a specific metabolic pathway as well as mRNA and protein abundance measurements

of genetically and environmentally perturbed yeast to compensate for some of the shortcomings of

correlation-based techniques. Stuart et al. [153] presented a way to cluster genes across different

organisms utilizing evolutionary conservation to identify gene interactions.

Probabilistic graphical models are an intuitive and now widely used approach to represent

regulatory relationships. Theoretical and experimental results have been proven about Boolean

networks (BoolNs) by Akutsu et al. [3–5], Shmulevich et al. [143,144] and Lahdesmaki et al. [88].

Bayesian networks [45, 61, 117] and its variants, module networks [138, 139] and hierarchical BN

[59], dynamic Bayesian networks [70,84,108,118], relational Markov networks (RMNs) [141] and

probabilistic relational models (PRMs) [140] all concisely describe relationships and probability

distributions over the observations. Noto and Craven [106] have used prior biological knowledge

to structure the BN so that complex mechanisms may be inferred. Segal et al. [137,139–141] have

used RMNs, PRMs and module networks to model expression data and simultaneously (jointly)

discover patterns in multiple types of data.

The shift towards systems biology [71] and the use of multiple data sources [73, 141, 150]

have come about because current theories still have various shortcomings in providing a predictive
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description of the cellular system as a whole. Learning network motifs [99,142,163] has also been

important for understanding the underlying mechanisms [160].

Learning Bayesian networks is a very difficult problem and has been shown to be NP-complete

[23]. However, this has not deterred researchers as there has been a great deal of research focused

on learning the structure of BNs [1, 23, 41, 42, 44, 62, 63]. The most common approach to discov-

ering structure is to use learning with model selection to find a high-scoring model [64]. However,

in many domains there are exponentially many structures that have similarly good scores given

the data, especially if the data is small relative to the size of the model. The sparse candidate

algorithm [43] is a specific method for structure learning from sparse datasets.

2.6 Chapter Summary

This chapter presents the first application (to our knowledge) of Dynamic Bayesian networks

to time series gene expression microarray data. It also shows how background knowledge about an

organism’s genome (in this case, an operon map) can be used to construct the initial, core structure

of the DBN. This background knowledge can be taken from the scientific literature or can itself be

the output of another modeling system. In this case, the operon map consisted partially of each type

of knowledge. We also provided some evidence that the results of such an application of DBNs

can give additional insights into the organism’s regulatory network and that such an application

has the potential to reveal hierarchical connections between signal transduction pathways. We

further demonstrate that our DBN approach has the potential for inducing direct causal links, that

is, direct arcs in the regulatory network. The approach proposed by Pe’er et al. [116] can be used

in conjunction with our approach if knockout experiments are available. Further experiments will

provide insight into whether causality can really be learned from time series data.

This work was originally published in the journal Bioinformatics in 2002 [108].
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Chapter 3

Computational Model to Guide the Design of Time Series Exper-
iments

Time series data, and the use of dynamic Bayesian networks (DBNs) as a method for analysis

are becoming more widely used as an approach to learn gene regulatory networks [70,84,108,118].

A common question that have been asked regarding the collection of future time series experiments

for DBN analysis is: given fixed resources to run r microarrays, is it better to run many short

time series or a few long time series? Another question regarding a design issue for our learning

algorithms is: given a specific number of microarrays r that will be run, and a given amount of

time in which a DBN must be produced from this data, should we place a limit on the number

of parents a node can have in the DBN and, if so, what should this limit be? One way to answer

these questions is to perform many runs with many time series data sets having different properties;

unfortunately, at present few such data sets are available, and the cost of producing such a data set

requires design insight now, before additional data sets are available. Thus, we chose to construct

a formal model of the learning task, making the model as realistic as possible though necessarily

making some simplifying assumptions to gain insight to this problem.

3.1 Related Work

We limit our focus to DBNs whose variables are Boolean and thus can be viewed as deter-

ministic or probabilistic Boolean networks; however, our results extend naturally to non-Boolean

discrete variables. Dasgupta [28] proved the sample complexity of learning fixed-structure BNs

and early work by Akutsu et al. [3] formalized the task of constructing Boolean networks from gene
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expression microarray data. Further papers [4, 5, 29, 88, 143, 144] extended or improved the initial

results of Akutsu et al. [3]. Several of those papers provide formal results on the task of finding a

consistent or best-fit Boolean network for the data. Nevertheless, the results do not give guarantees

about the accuracy of the learned network on new or unseen data, or the amount of data required

to achieve a given level of accuracy. We propose to address the question of polynomial-time learn-

ability using the PAC-learning framework [159] and its extension to probabilistic concepts [79].

As we propose to use a PAC-framework, its provision of (probabilistic) accuracy guarantees are

based on data set size.

DBNs have hidden variables and can be represented as hidden Markov models (HMMs) [105].

Abe and Warmuth [2] have found that fixed state size probabilistic automata (PAs), which are

closely related to HMMs1 (HMMs), are trainable in polynomial time. Ron et al. [130] further

proved results on learning PAs with variable memory length using probabilistic finite suffix au-

tomata (PFSAs).

Kearns and Li [80], Angluin and Laird [8], Goldman [57] and Decatur and Gennaro [34] have

presented models for learning from noisy or incomplete data. Several papers on learning models

using prior knowledge have been put forth by Pitt [119] and Campi and Vidyasagar [21]. An-

gluin [7] also presented models on queries and concept learning.

3.2 Definitions and terminology

Definition 3.2.1. A Boolean dynamic Bayesian network (DBN) is defined over the Boolean vari-

ables

X1,1, X2,1, . . . , Xn,1,

X1,2, X2,2, . . . , Xn,2,

. . . ,

X1,T , X2,T , . . . , Xn,T

1HMMs are similar to PAs, except that outputs in HMM are associated with the states rather than the transitions,
and thus transitions are unlabeled state to state pairs [2].
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where Xi,t denotes variable Xi at time t. For each 1 ≤ i ≤ n and 1 < t ≤ T the value of variable

Xi,t is fi(X1,t−1, . . . , Xn,t−1), where fi is some (possibly stochastic) Boolean function.

Definition 3.2.2. We denote by DBN (Cn) the class of Boolean DBNs for which each function fi

comes from Boolean concept class Cn.

Any particular Boolean DBN inDBN (Cn) is a set of functions fi(X1,t−1, . . . , Xn,t−1), one for

each variable Xi 1 ≤ i ≤ n. Note that the function fi does not change with time. Note also that in

practice, a DBN model may contain some hidden variables, however, we presently do not consider

these or missing data in our analyses.

For example, the Boolean concept class Cn might be all of the stochastic functions of at most

k variables. This class of functions corresponds to all possible CPTs in a DBN for a node with

at most k parents. An example of such a CPT is given in Figure 3.1. Or if the DBN is in fact

deterministic, Cn might be the set of all (non-stochastic) functions of at most k variables, that is,

all truth tables over k variables. For such a CPT, each row in Figure 3.1 would instead have one

of the probabilities set to 1 and the other set to 0. A generalization of this class, allowing more

than k parents in a still limited fashion would be to have as Cn the set of all functions that can be

represented by a k disjunctive normal form (kDNF) expression. The set of kDNF expressions is

the set of all DNF expressions where each disjunct (conjunction) contains at most k literals.

3.3 Boolean DBN from 2-slice data

The cost of obtaining r microarray experiments (measuring the expression of each gene in r

samples of mRNA) is roughly the same regardless of whether the r samples are all part of a single,

long time series or many different time series. Therefore, we treat our number of data points as the

number of microarray experiments rather than the number of time series.

In the ordinary PAC-learning model, one assumes each data point is drawn randomly and inde-

pendently according to some probability distribution D. Our models cannot assume this, because

in a time series each data point (after the first) depends on the previous data point. The most faith-

ful we can remain to the original PAC-learning model is to specify that the first data point in each
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Figure 3.1 Example of probabilistic CPTs as part of a DBN.
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time series is drawn randomly according to some probability distribution D, and that the first data

points in different time series are drawn independently of one another.

We begin with a formal model of DBN learning that resembles the PAC-learning model as much

as possible, by restricting consideration to deterministic concepts. We later extend the definition to

permit probabilistic concepts. Given a deterministic DBN and a specific (input) time slice, the next

(output) time slice is fixed according to the DBN. A DBN model and a target DBN disagree with

one another on an input time slice if and only if, given the input time slice, the two DBNs produce

different outputs. A DBN model is (1− ε)-accurate with respect to a target model if and only if the

sum of the probabilities, according to D, of input time slices on which the two DBNs disagree is

at most ε. As is standard with the PAC model, we take |T | to denote the size of the target concept

(DBN model) T ∈ DBN (Cn) in a “reasonable” encoding scheme. For concreteness, we specify

|T | as the number of bits required to encode, for each variable Xi, its parents and its function fi.

Given these preliminaries, the following definition is an application of the PAC-learning model to

DBNs.

Definition 3.3.1. An algorithm PAC-learns a deterministic DBN (Cn) if and only if there exist

polynomials poly1( , , , ) and poly2( ) such that for any target DBN T inDBN (Cn), any 0 < ε <

1 and 0 < δ < 1, and any probability distribution D over initial data points for time series given

any r ≥ poly1(n,|T |,1
ε
,1
δ
) data points, the algorithm runs in time poly2(rn) and with probability at

least 1− δ outputs a model that is (1− ε)-accurate with respect to T .

Theorem 3.3.2. For any fixed k ∈ N the class of DBN (kDNF) is PAC-learnable from 2-slice

data.

Proof. Our algorithm A learns one kDNF formula to predict each of the n variables at time slice

2 from the values of the n variables at time slice 1. Each 2-slice time series (input and output) is

used to generate one example for each Xi,2. For each 1 ≤ i ≤ n the output (class) is Xi,2 and input

features are X1,1, . . . , Xn,1. Given a PAC learning algorithm L for kDNF expressions [81], we can

run L on n feature vectors to find a concept in Cn that is consistent with our data.
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Algorithm A iterates as follows: for each variable Xi,2, 1 ≤ i ≤ n, we make a call to kDNF

learning algorithm L with δ
n

as the maximum probability of failure (i.e., with desired confidence

of 1 − δ
n

) and with ε
n

as the maximum error (i.e., with desired accuracy of 1 − ε
n

). Algorithm A’s

final model is the set of functions fi(X1,1, . . . , Xn,1) returned by L, one per output variable Xi,2.

Algorithm A runs in polynomial time since n∗poly1(n,|T |,n
ε
,n
δ
) yields a polynomial, and each

call to L runs in time polynomial in the size of its input. It remains only to show that with probabil-

ity 1−δ the error is bounded by ε. The definition of union bound states that if A and B are any two

events (that is, subsets of a probability space), then Pr(A ∪ B) ≤Pr(A)+Pr(B) [82]. Since each

call to L fails to achieve the desired accuracy with probability only δ
n

, by the union bound the prob-

ability that there exists any of the n calls to L that fails to achieve the desired accuracy is at most δ.

If each call to L has a desired error bound of ε
n

, then the error of the model (probability according to

D of drawing an input time slice on which the learned model and target will disagree for some vari-

able Xi,2, 1 ≤ i ≤ n) is the union of all n error expressions from L. By the definition ofDBN (Cn)

this gives us Pr(Error1∪Error2∪. . .∪Errorn) =Pr(Error1)+Pr(Error2)+. . .+Pr(Errorn) =

ε
n

+ ε
n

+ . . . + ε
n
≤ ε, by the union bound.

kDNF is a richer representation than one usually uses in a DBN. Typically, each variable is a

function (represented as a CPT) of up to k parents. We denote the class of such DBNs byDBN (k-

parents). While PAC-learnability of a more restricted class does not automatically follow from

PAC-learnability of a more general class (because the space of allowed hypotheses is smaller), in

this case arguments very similar to those just given show that, for any fixed k ∈ N, the class of

deterministicDBN (k-parents) is PAC-learnable from 2-slice data.

3.4 Boolean DBN from r-slice data

It is equally common in practice for time series measurements to yield one long time series

instead of multiple time series of length 2, or to fall between these two extremes. To gain some

theoretical insight into whether a single, long time series might be more useful than many short

time series, we now ask whether the class DBN (k-parents) is PAC-learnable from a single time
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series, and if so, whether the total number of microarrays required might be fewer. Unfortunately,

it is trivial to prove that no algorithm PAC-learns this class when all the data points are in a single

time series; the algorithm simply cannot learn enough about the distribution D according to which

the start of each time series is drawn. But such a trivial negative result in unsatisfying. In practice,

if we subject an organism to an experimental condition and run a long time series of microarray

expression measurements, it is because we wish to learn an accurate model of how the organism

responds to that particular condition. Therefore, we next consider a natural variant of our first

learning model, where this variant is tailored to data points in a single time series. A positive result

for single time series will be easier to obtain in this variant than in the original model.

Definition 3.4.1. An algorithm learns a deterministic class DBN (Cn) from a single time series

if and only if there exist polynomials poly1( , , , ) and poly2( ) such that for any target DBN T

in DBN (Cn), any 0 < ε < 1 and 0 < δ < 1, and any starting point for the time series given

a time series of any length r ≥ poly1(n,|T |,1
ε
,1
δ
), the algorithm runs in time poly2(rn) and with

probability at least 1 − δ outputs a model that with probability at least (1 − ε) correctly predicts

time slice r + 1.

Notice that we do not require that the learning algorithm is capable of performing well for most

starting points, but only for the one given. For deterministic DBN models, which are all we are

considering thus far, after some m time slices the time series must return to a previous state, from

which point on the time series will cycle with some period length at most m. If for some class of

DBN models m is only polynomial in the number of variables n then it will be possible to PAC-

learn this class of models from a single time series, within the definition just given. Unfortunately,

even for the simple class of deterministicDBN (k-parents), the period is superpolynomial in n and

the size of the target model, leading to the following negative result.

Theorem 3.4.2. For any k ≥ 2 the class of DBN (k-parents) is not learnable from a single time

series.

Proof. Assume there exists a learning algorithm L for DBN (k-parents). Then for any k-parent

target DBN T , any 0 < ε < 1 and any 0 < δ < 1, given a time series of any length r ≥
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poly1(n,|T |,1
ε
,1
δ
), L will run in time polynomial in the size of its input and with probability at least

1− δ will output a model that will correctly predict time slice r + 1 with probability at least 1− ε.

Because any 2-parent DBN can be represented in a number of bits that is polynomial in n, we can

simplify poly1(n,|T |,1
ε
,1
δ
) to poly1(n,1

ε
,1
δ
).

We consider a time series that starts from a point in which every variable is set to 0. In this

case, Lemma 3.4.3 shows that for a suitable choice of n (any n such that n−1 is divisible by 3) we

can build two 2-parent deterministic DBNs T1 and T2 over variables X1, ..., Xn with the following

properties when started from a time slice with variables set to 0: in both T1 and T2, Xn remains 0

for r ≥ 2
n−1

3 steps and then Xn goes to 1 at step r + 1; in T1 once Xn goes to 1 it remains 1; in T2

when Xn goes to 1 it then reverts to 0 on the next step.

We choose ε = δ = 1

4
and large enough n such that 2

n−1

3 > poly1(n,1
ε
,1
δ
). We present the

algorithm L with a time series generated by T1, of length r as specified in the previous paragraph,

starting from the time slice in which all variables are set to 0. Then L must, with probability at

least 3

4
, return a model that will correctly predict time slice r + 1. Therefore, with probability at

least (3

4
)(3

4
) > 1

2
, L’s output model predicts the value of Xn to be 1. Consider what happens when

we give L exactly the same learning task, except that the target is T2 instead of T1. The time series

of length r that L sees is identical to the previous one, so L will with probability greater than 1

2

incorrectly predict the value of Xn at time slice r + 1. Hence L will not produce, with probability

at least 1− δ, a model that will predict time slice r + 1 with accuracy at least 1− ε.

With this construction we can generate a cycle that looks like the cycle in Figure 3.2.

Lemma 3.4.3. There exists a 2-parent deterministic DBN over j variables with a period of 2
j

3 , for

any positive integer j divisible by 3. Moreover, based on our specific construction we can build

two 2-parent deterministic DBNs T1 and T2 over any variables X1, ..., Xn, n = j + 1 for some j

divisible by 3, with the following properties when started from a time slice with all variables set to

0. In both T1 and T2, Xn remains 0 for r ≥ 2
n−1

3 steps and then Xn goes to 1 at step r + 1; in T1

once Xn goes to 1 it remains 1; in T2 when Xn goes to 1 it then reverts to 0 on the next step.
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Figure 3.2 Cycle with period 2
n
3
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Figure 3.3 Base case construction (a,b and c) and inductive case construction (d,e and f) of
inductive proof of Lemma 3.4.3. Construction includes bit counter (a,d), previous bit memory

(b,e) and 0-to-1 flag (c,f).

Proof. We begin with the first statement of the lemma. If we were allowed up to 3 parents per vari-

able, we could represent a two-input (e.g., R-S or J-K) flip-flop (one parent for current state and

two for inputs, to determine new state) with a single variable. We could then directly implement

a standard up-counter (binary counter is one which counts binary sequence) from computer archi-

tecture with just two variables per bit. In our proof we still essentially implement an up-counter.

But because we want to show a superpolynomial period can be obtained with just two parents per

variable, we require three variables per bit of the up-counter.

Inductive hypothesis: Given j variables, a deterministic DBN exists with a period of 2
j

3 .

Base case: When j = 3, the proof is trivial as this can be done with 1 bit. Nevertheless, we

employ the construction in Figure 3.3a to 3.3c so that every set of 3 variables is analogous to the

others. The first variable is a 1-bit counter. The second variable, X2,t, serves as a memory of the

previous bit at the previous time slice, X1,t−1. X3,t works as a flag, taking on the value 1 to indicate

when X1 has made the transition from 0 back to 1 on the previous time slice.

Inductive case: We prove that given n = j + 3 variables, a period doubling the period of 2
j

3

can be generated. We first generate a counter that is based on the flag, Xj,t−1. If Xj,t−1 is 0, then

Xj+1,t takes on the value of Xj+1,t−1. Otherwise, when Xj,t−1 is 1, Xj+1,t acts as a bit counter.

Xj+2,t, serves as a memory of the previous bit at the previous time slice, Xj+1,t−1, mimicking its

value in the previous time slice. Finally, Xj+3,t works as a flag, taking on the value 1, to indicate

when Xj+1,t−1 is 0 and Xj+2,t−1 is 1; and Xj+3,t is 0 otherwise.
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For the second statement of the lemma, m is equal to j + 1, where j is divisible by 3. We

construct a network as in the proof of the first statement of the lemma, such that Xj is 0 for the first

r ≥ 2
n−1

3 time steps, then becomes 1, and then immediately reverts to 0; that is, Xj is 1 just once

every 2
n
3 time steps. For T1 we have a function for Xm such that Xm,t is 1 if and only if Xj,t−1

(that is, Xm−1,t−1) is 1 or Xm,t−1 is 1. For T2 we have a function for Xm such that Xm,t is 1 if and

only Xj,t−1 (that is, Xm−1,t−1) is 1.

3.5 Stochastic model of Boolean DBN from 2-slice data

In our first model of learning Boolean DBN models from 2-slice data, we made a simplifying

assumption that the DBN models were deterministic, in keeping with the standard assumption for

target concepts in the PAC model. In reality, DBNs are probabilistic models, with deterministic

DBNs as simply a special case. When we learn a Boolean DBN model, we are not only interested in

learning the correct Boolean functions but also inferring a good model of probability with respect

to the target distribution. We therefore now extend our theoretical framework and to bring our

model closer to practice. The foundation of this extension consists of the notions of p-concept

(probabilistic concept) and (ε, γ)-good models of probability, defined by Kearns and Schapire [79].

In these definitions X is the domain of possible examples and D is a probability distribution over

X .

Definition 3.5.1. A probabilistic concept (p-concept) is a real-valued function c : X → [0, 1].

When learning the p-concept c, the value c(x) is interpreted as the probability that x exemplifies

the concept being learned. A p-concept class Cp is a family of p-concepts. A learning algorithm for

Cp attempts to learn a distinguished target p-concept c ∈ Cp with respect to a fixed but unknown

and arbitrary target distributionD over the instance space X [79].

Given this definition, it is easy to see that a function fi in a (not necessarily deterministic)

Boolean DBN, which gives the probability distribution over possible values for Xi at time t + 1
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conditional on the values of the n variables at time t, is a p-concept. Therefore, a Boolean DBN as

defined earlier is completely specified by a set of n p-concepts, one for each variable.

Definition 3.5.2. A p-concept h is an (ε, γ)-good model of probability of a target p-concept c with

respect to D if and only if Prx∈D[|h(x)− c(x)| > γ] ≤ ε.

We generalize this definition to apply to DBNs as follows. Given an input time slice, a DBN

model defines a probability distribution over output time slices. We say that two DBNs M and T

γ-disagree on an input time slice if they disagree by more than γ on the probability of an output

time slice given that input. A learned DBN M is an (ε, γ)-good model of probability of a target

DBN T with respect to a probability distribution D over input time slices if and only if the sum of

the probabilities of input models on which M and T γ-disagree is at most ε.

The learning model we present next is a straightforward application of Kearns and Schapire’s

notion of polynomially learnable with a model of probability to DBNs, analogous to our earlier

application of the PAC model to deterministic DBNs. In the following definition we take Cn to

be any p-concept class. Thus for example DBN (k-parents) is the set of DBNs in which each

variable has at most k-parents; the p-concept class used here is the class of p-concepts of k-relevant

variables, or the class of p-concepts representable by CPTs conditional on k parents.

Definition 3.5.3. Where Cn is a p-concept class, we say that an algorithm learnsDBN (Cn) with a

model of probability if and only if there exist polynomials poly1( , , , , ) and poly2( ) such that

for any target concept T ∈ DBN (Cn), any 0 < ε < 1, 0 < δ < 1, and 0 < γ < 1, and any

probability distribution D over initial data points for time series: given r ≥ poly2(n, |T |, 1

ε
, 1

δ
, 1

γ
)

data points, the algorithm runs in time poly2(rn) and with probability at least 1 − δ outputs an

(ε, γ)-good model of probability of the target.

Theorem 3.5.4. For any fixed k ∈ N the class DBN (k-parents) is learnable with a model of

probability from 2-slice time series data.

Proof. We describe a learning algorithm B that is analogous to the algorithm A of Theorem 3.3.2,

and the correctness proof is analogous as well. Each 2-slice time series (input and output) is used
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to generate one example for each Xi,2. For each 1 ≤ i ≤ n the output (class) is Xi,2 and input

features are X1,1, . . . , Xn,1. In place of the kDNF learning algorithm used by the earlier algorithm

A, algorithm B uses an algorithm P that with probability 1 − δ learns an (ε, γ)-good model of

probability for any p-concept with at most k relevant variables [79]. The learned p-concept for

variable Xi can be expressed as a set of at most k parents for variable Xi and a CPT for variable

Xi given those parents.

More specifically, where δ, ε and γ are the parameters provided to algorithm B, algorithm B

calls algorithm P using instead δ
n

, ε
n

and γ

2n
. Algorithm B iterates as follows: for each variable Xi,2,

1 ≤ i ≤ n, algorithm B makes a call to algorithm P with the examples and parameters as specified.

Algorithm B’s final model of probability for each Xi, 1 ≤ i ≤ n, is Pr(Xi,t|X1,t−1, . . . , Xn,t−1)

= Pr(Xi,t|Pa(Xi)t−1), where Pa(Xi)t−1 denotes the (at most k) parents of Xi from the previous

time step, as determined by algorithm P , and Pr(Xi,t|Pa(Xi)t−1) denotes the specific function

(representable as a CPT) learned by algorithm P .

Algorithm B runs in polynomial time since n∗poly1(n,|T |,n
ε
,n
δ
,2n

γ
) yields a polynomial, and

each call to P runs in time polynomial in the size of its input. The remainder of the reasoning is

analogous to that in the proof of Theorem 3.3.2, except that we must also note the following. If

the learned DBN and target DBN agree within γ

2n
on the probability for a given setting for each

variable Xi, 1 ≤ i ≤ n, then they agree within γ on the probability of the entire setting. It follows

that since for any given variable Xi the learned DBN with probability 1 − δ
n

has an ( ε
n
, γ

2n
)-good

model of probability compared with the target DBN, then with probability 1− δ the learned DBN

is an (ε, γ)-good model of probability of the target DBN.

We can also extend our model of learning from a single time series to apply to probabilistic

concepts in a similar fashion. But since deterministic DBNs are a special case of probabilistic

ones, it follows that the result for learning DBN (2-parents) with a model of probability, from a

single, long time series is a negative one.
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3.6 Experiments using Synthetic Data

We used a kinetic model that modeled the EGF-receptor system using classic enzyme kinetics

to generate synthetic data. This simulator, known as RAKS [96], can generate short and long time

series data according to the Ras-signaling pathways model. There are 22 variables, each with 0 to

3 parents per variable in the target model. We used the generated data to try to recover the target

model using the REVEAL [90] algorithm. Then we compared the learned models to the known

target model as the number of samples, n, grows (see learning curves in Figure 3.4 and Figure 3.5).

We count missing parents or incorrect assignment of parents as errors.

3.7 Lessons and limitations

The results proven show that, for natural definitions of learnability, DBNs are learnable from 2-

slice time series data but not from a single, long time series. If we adopt a compromise, with k-slice

time series for fixed k greater than two, we can again get positive results but the total number of

time slices, e.g., microarrays to be run, increases linearly with k. Hence the results in this chapter

imply that while time series are desirable, they should be kept as short as possible.

Because PAC bounds are worst-case, the number of examples they indicate are required, while

polynomial in the relevant parameters, can be much greater than typically are required in reality.

Nevertheless, we can gain some insight from these numbers into which factors most affect sample

size required for a given degree of accuracy. The sample sizes required by the algorithms in this

chapter follow directly from those required by the learning algorithms they employ as subroutines.

The sample sizes for those algorithms grow linearly with the number of variables n, the target

concept size, and 1

ε
(and 1

γ
where relevant), and logarithmically with 1

δ
. But note that the sizes of

our target concepts in DBN (kDNF) and DBN (k-parents) are at least O(nkn), because we must

specify the choice of k out of n possible parents for each of n variables. Therefore, by far the most

important factor in sample size is k, and the next most important is n. Because current costs limit

microarray data set sizes to around one thousand microarrays (in fact, we currently know of no

data sets quite that large), a value of three for k seems the largest reasonable value, with k = 2
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Figure 3.4 Errors as the number of samples, n varies: low n
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probably more sensible. The size of the target concept can be further contained if we limit our

models to trying to predict only a small subset of variables in terms of another small subset, based

on background knowledge about particular regulatory pathways in which we are most interested.

The learning models defined are assumed to be reasonable as they are a natural application

of existing PAC models to DBN learning. Nevertheless, several assumptions are inherited in this

application—some from PAC modeling and some from DBNs—and several additional assump-

tions have been made.

Inherent to the use of PAC modeling are the assumptions that (1) we must perform well on all

target concepts, and (2) examples are drawn randomly, independently according to some proba-

bility distribution. Regarding assumption (1), numerous regulatory motifs have been identified to

date, including logic gates and memory elements [95,125,160], giving credence to the simple DBN

representation of difficult target concepts such as counters. For some real biological pathways that

have very short periods, perhaps single, long time series will be more effective than our results im-

ply. Regarding assumption (2), it seems plausible that an organism’s environment imposes some

probability distribution over states in which its regulatory machinery may find itself, and to which

it will need to respond. Nevertheless, perhaps through careful selection of experimental conditions,

active learning approaches may arise that will benefit more from a few long time series than from

many short ones.

Inherent in the use of DBNs are several notable assumptions as well. First, the DBN framework

assumes we are modeling a stationary process; while the state of an organism is not static (e.g.,

mRNA levels may change over time), the organism’s regulatory network itself does not change

over time. This assumption appears reasonable for the application to learning regulatory pathways.

But more specific assumptions include the assumption of discrete time steps—that an organism,

like a computer, operates on a fixed clock that governs when changes occur—and a first-order

Markov assumption, that the organism’s next state is a function of only its previous state inputs.

These assumptions clearly are violated to some extent, and those violations present caveats to our

lessons. For example, perhaps collecting longer time series, with a very fast sampling rate, could

allow our algorithms to try different sampling rates (by skipping some of the time steps), to find
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optimal rates for providing insight into certain processes. Inappropriate sampling rates have been

noted as a potential source of error when modeling time series microarray data [13]. Our results

do not speak to uses such as this for longer time series.

We have made additional simplifying assumptions beyond those of the PAC framework or

DBNs. Specifically, we have assumed all variables are Boolean and that there are no missing values

or hidden variables. While discretization is common with microarray data, one may discretize

to more than two values or may use the continuous values originally reported in a microarray

experiment. We see no obvious reason why using such values should change the lessons in this

chapter, but such a change is possible. Missing values are rare in microarray data, but one might

wish to include hidden variables for unmeasured environmental factors or for other players in a

regulatory pathway, such as certain proteins that may act as transcription factors or for other types

of signaling.

This work was originally published in the Proceedings of the Pacific Symposium on Biocom-

puting in 2006 [110].
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Chapter 4

Scaling FOIL for Multi-Relational Learning on Large Datasets

4.1 Introduction

There are many large biological databases available [78, 94, 133] with large amounts of infor-

mation, including protein-DNA and protein-protein interactions. This information can be used to

learn relational information regarding regulatory “motifs” [99,142] especially since large portions

of these networks appear to have evolved through extensive duplication of transcription factors

even among genomes [12]. Rules regarding regulation could be learned directly from informa-

tion already in these databases or combined with the results of an inferred regulatory network via

a DBN. Inductive Logic Programming (ILP) [89] algorithms learn first-order logical rules from

multi-relational data and thus are well suited to this task.

However, in order for ILP to learn from large datasets such as the above, two improvements

to ILP must be made. First, ILP systems must deal with a limited amount of physical memory.

Most ILP implementations, such as FOIL [121], tacitly assume the whole database fits into main

memory. If it does not fit, these programs either crash or grind to an effective halt as they rely on

the operating system to manage moving data between physical memory and disk [120]. Second,

ILP systems need to be faster. The search space of ILP systems is very large and even heuristic

methods are slow. Moreover, since the time needed to score an operator typically depends on the

database size, direct application of most ILP systems to very large datasets is impractical.
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4.2 Related Work

Interest in scaling up ILP for relational data mining on large datasets has been growing as nu-

merous researchers [16,30,35,101,120,156] have published surveys and methods in this direction.

The idea of incorporating ILP with RDBMSs is not new [14, 39], in fact Stonebraker and Kem-

nitz [151] developed a way to implement server-side logic that allows the application developer to

modify the ”query tree” of an incoming query, Fu and Han [48] used meta-rules as a guidance at

finding multiple-level association rules in large relational databases, Lindner and Morik [91] and

Brockhausen and Morik [18] have directly interfaced a relational data-mining algorithm, RDT,

with RDBMSs and Lisi and Malerba [92] have shown that AL-log is suitable for inducing multi-

level association rules from multiple relations.

Hulten et al. [67, 68] have proposed methods for scaling-up any induction algorithm based on

discrete search so that the running time becomes independent of the size of the database. DiMaio

and Shavlik [35, 36] have also focused on speeding up scoring for candidate hypotheses.

Bryant et al. [19], Reiser et al. [127] and King et al. [85] have successfully been able to generate

hypotheses about yeast gene functions from examples and background knowledge and use these

hypotheses to select trials for actively learning the function of genes in yeast.

4.3 FOIL

FOIL [121,122] is a popular ILP algorithm that learns function-free first order rules for a target

relation given a set of extensionally defined relations. By extensionally we mean each input relation

is defined by a listing of its tuples rather than intensionally as a set of logical rules. This closely

parallels the organization of data in relational databases [14]. We designate FOIL’s initial positive

and negative tuple sets as POS and NEG respectively. POS is the target relation and NEG is

of the same arity as POS but contains tuples that do not belong to the target relation. The other

relations B1, ..., BN serve as background knowledge.

Given its input, FOIL learns rules of the form

POS(X1, ..., Xm)← L1 ∧ L2 ∧ ... ∧ Lr
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where each Li is a (possibly negated) literal and X1, ..., Xm are distinct variables. FOIL is a

covering algorithm whose goal is to discover a set of rules that entails all of the tuples in POS and

none of the tuples in NEG.

Table 4.1 presents the FOIL algorithm [100]. On each iteration of its outer loop, which starts

at line 41 of the FOIL algorithm, adds a single clause to its learned rule set that logically entails

(covers) some of the previously uncovered tuples in POS and none of the tuples in NEG. FOIL’s

method of building a single rule, shown in the LEARNONERULE procedure of Table 4.1, begins

with the general rule POS ← true, which covers all positive and negative tuples. This rule is

then specialized by greedily conjoining literals one at a time to the body until the new rule covers

no negative tuples. When deciding which literal to append to the body of the new rule, FOIL

considers only the current positive and negative tuple sets, POScurr and NEGcurr in Table 4.1.

From one iteration to the next, these sets may shrink in size, grow in size, increase in arity or some

combination thereof.

At the start of the LEARNONERULE procedure POScurr is initialized to the tuples of POS

that are not covered by any rule learned so far (POSunc) and NEGcurr is set to all the tuples

in NEG. Following the addition of the chosen literal (Line 17), FOIL updates POScurr and

NEGcurr. Let L(N1, ..., Na, O1, ..., Ob) be the chosen literal where Ni is a new variable that does

not appear anywhere else in the new rule and Oi is an old variable that appears either in the head

or a previously introduced literal. If L is unnegated, the arity of tuples in the updated POScurr and

NEGcurr sets increases by a, the number of new variables. A tuple t in POScurr (or NEGcurr)

gives rise to a (possibly expanded) tuple in the updated set for each tuple in the relation associated

with the chosen literal that matches t on the arguments indicated by the old variables.

FOIL uses an information theoretic heuristic to determine which literal to append to the body

of a growing rule. On each iteration of its inner loop, which starts on Line 15, FOIL chooses the

literal that has maximum gain where it defines the gain of literal Li as

GAIN(Li) = p++ ×

{

log(
p′

p′ + n′
)− log(

p

p + n
)

}

.

1This and all subsequent references to line numbers refer to those in Table 4.1.
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Table 4.1 The FOIL algorithm. Given a set of tuples, POS, in the target relation, a set of tuples,
NEG, not in the target relation and sets for tuples B1, ..., BM that define M background

relations, FOIL returns a set of first-order rules for the target relation. The symbol⇐ indicates
variable assignment and the symbol← indicates logical implication.

1: procedure FOIL(POS, NEG, B1, · · ·, BN )
2: learnedRules⇐ {}
3: POSunc⇐ POS . start with all positive tuples uncovered
4: repeat . begin FOIL’s outer loop
5: newRule⇐ LEARNONERULE()
6: update POSunc . remove tuples in POSunc covered by newRule
7: add newRule to learnedRules
8: until |POSunc| == 0
9: return learnedRules

10: end procedure

11: procedure LEARNONERULE()
12: newRuleBody ⇐ {} . start with general rule POS ← true

13: POScurr ⇐ POSunc . all positive tuples are covered by newrule

14: NEGcurr ⇐ NEG . all negative tuples are covered by newrule

15: repeat . begin FOIL’s inner loop
16: bestLit⇐ getBestLiteral(candidateLiterals()) . select the literal with maximum gain
17: conjoin bestLit to newRuleBody . add literal to growing rule
18: update POScurr . arity of POScurr may increase
19: update NEGcurr . arity of NEGcurr may increase
20: until |NEGcurr| == 0
21: return POS ← newRuleBody
22: end procedure

23: procedure GETBESTLITERAL(C) . C is set of candidate literals
24: maxGain⇐ −∞
25: for all candLit ∈ C do
26: p′ ⇐ |POScurr| if candLit is added to newrule
27: n′ ⇐ |NEGcurr| if candLit is added to newrule
28: p++ ⇐number of tuples in POScurr covered by candLit
29: gain⇐ GAIN(p′, n′, p++)
30: if gain > maxGain then
31: bestLiteral ⇐ literal
32: maxGain⇐ gain
33: end if
34: end for
35: return bestLiteral
36: end procedure
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Here p and n are the sizes of POScurr and NEGcurr, p′ and n′ are the sizes of the updated POScurr

and NEGcurr if Li were added and p++ is the number of tuples in POScurr that are covered by Li.

The main computational cost of FOIL comes from the evaluation of all the candidate literals every

time a new literal is added to a growing clause. If the input data set cannot fit in main memory,

management of the current positive and negative tuple becomes more complicated.

4.4 FOIL-D

Our implementation of FOIL with a direct interface to a RDBMS is called FOIL-D. FOIL-D

assumes that the relational data may not fit in main memory and thus utilizes database operations, in

terms of SQL statements. FOIL-D does, however, assume that other operations, such as generating

and storing the candidate literals, fit in main memory. In our current implementation, FOIL-D only

considers unnegated literals whereas FOIL considers both unnegated and negated literals. Note

that there is nothing fundamental that prevents FOIL-D from considering negated literals though,

and we plan to add support for them in the future.

Let the tuples defining the input relations be in database tables named POS, NEG and back-

ground relations B1, ..., BN where the mapping between tables and the relations in Table 4.1 is

the obvious one. We store the uncovered positive tuples and the current positive and negative ex-

amples in database tables named POS UNC, POS CURR and NEG CURR respectively. Due to

the dynamics of the training sets, the number of columns of POS CURR and NEG CURR may

change during the course of the algorithm. At any time though there is a one-to-one correspon-

dence between the columns of POS CURR (and NEG CURR) and the distinct variables that have

been introduced by either the head or a literal in the body of the growing clause.

The left-hand column of Table 4.2 lists the line numbers from Table 4.1 where FOIL-D issues

database queries. The right-hand column gives the SQL statements2 for the corresponding line.

We are essentially performing join operations between two tables to obtain tuples that satisfy the

conditions.
2These statements are compatible with version 4.1 of MySQL (http://www.mysql.com) and they can be adapted to

other RDBMSs
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Table 4.2 SQL statements used by FOIL-D. The left-hand-column indicates line numbers from
Table 4.1 where FOIL-D issues database queries. The right-hand-column lists the corresponding

SQL statements.

Line 3 CREATE TABLE POS UNC LIKE POS

INSERT INTO POS UNC SELECT * FROM POS

Line 6 ALTER TABLE POS UNC RENAME OLD POS UNC

CREATE TABLE POS UNC LIKE POS

INSERT INTO POS UNC SELECT cols FROM OLD POS UNC

LEFT JOIN POS CURR ON cond WHERE cond′

DROP TABLE OLD POS UNC

Line 13 CREATE TABLE POS CURR LIKE POS

INSERT INTO POS CURR SELECT * FROM POS UNC

Line 14 CREATE TABLE NEG CURR LIKE NEG

INSERT INTO NEG CURR SELECT * FROM NEG

Line 18 ALTER TABLE POS CURR RENAME OLD POS CURR

CREATE TABLE POS CURR (...)

INSERT INTO POS CURR SELECT cols

FROM OLD POS CURR, rel(bestLit) WHERE cond

DROP TABLE OLD POS CURR

Line 19 ALTER TABLE NEG CURR RENAME OLD NEG CURR

CREATE TABLE NEG CURR (...)

INSERT INTO NEG CURR SELECT cols

FROM OLD NEG CURR, rel(bestLit) WHERE cond

DROP TABLE OLD NEG CURR

Line 26 SELECT COUNT (*) FROM POS CURR, rel(candLit) WHERE cond

Line 27 SELECT COUNT (*) FROM NEG CURR, rel(candLit) WHERE cond

Line 28 SELECT DISTINCT COUNT (*) FROM POS CURR, rel(candLit) WHERE cond
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4.5 Computational cost of FOIL-D

The primary computational cost of running FOIL-D on large databases comes from the join

operations used to execute the six conditional SELECT statements (Lines 6, 18, 19, 26, 27 and

28). A join operation (r ./ s) between tables r and s selects a subset of the tuples in the cross

product r × s that matches a specified set of constraints [123]. The cost of a join depends on a

number of properties of the join such as the number and types of constraints (e.g., >, <, =), the

presence of any database indexes on the join columns, and the number of tables. In FOIL-D all

joins involve only equality constraints (equi-joins) between two tables. FOIL-D does perform joins

with k > 1 equality constraints (k-column joins). We are agnostic about the implementation of

join but measure the computational cost by the total number of joins performed to learn a theory.

An inspection of Tables 4.1 and 4.2 reveals that the number of joins needed to learn a rule set

of R rules with L total literals where C total candidates are considered is

# of join operations = R + 2L + 3C

The number of rules in a learned theory R is typically small, often less than five, and the number of

literals L is also manageable, in the ten’s at most. The number of candidates C, however, is often

much larger and thus C dominates the other factors. The number of candidate literals considered

at each step depends most strongly on the arity of the maximum arity relation and the number of

old variables introduced so far [115]. For example, the number of candidate literals considered to

append to a rule with 5 old variables and max arity of 3 is 136 [115]. FOIL-D uses type constraints

on the arguments of the relations (or the columns in the database) which reduces the total number

of candidate literals somewhat but not so much that it does not dominate in the above expression.

Next, we describe extensions to FOIL-D that reduce the total number of join operations needed to

learn a theory.

4.6 FOIL-DH: Estimating the size of join tables

To get the counts p′, n′ and p++ needed to compute the gain of a candidate literal we only need

the number of tuples in the result sets of the SQL statements listed in Table 4.2 that we execute
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on Lines 26-28. Thus, one way to reduce the total number of joins is to compute p′, n′ and p++

by more efficient means. The approach we take is to use histograms, an estimation method that

have been used in query-optimization in databases [74, 75], to construct probabilistic models to

estimate the number of tuples in each table. We call this system “FOIL-D with histograms” or

simply FOIL-DH.

We maintain a histogram for each column of POS UNC, NEG, B1, ..., BN, POS CURR and

NEG CURR. Let hr.c be the histogram for the column r.c of table r. The domain of hr.c is the

same as the domain of the type of column r.c. The count hr.c(v) for value v is the number of tuples

in r for which the value of column r.c = v.

Given the column histograms and an independence assumption we can estimate quickly the

size of any k-column equi-join, such as the ones to get p′ and n′. The probability pr.c(v) that a

randomly selected tuple in table r has value v in column c is

pr.c(v) = hr.c(v)/|r|.

For an equi-join between columns c of table r and c′ of table s, the probability that a randomly

selected tuple from the cross product r× s satisfies the equality constraint, and thus is included in

the result set, is

p(r.c, s.c′) =
∑

v

pr.c(v)× ps.c′(v)

where the sum is over all values in the type of column r.c (and s.c). The number of tuples in the

result set is exactly given by

size(r ./1 s) = |r||s| × p(r.c, s.c′)

where ./1 indicates a 1-column join between r and s.

This is an exact calculation because the nature of the cross product guarantees that for a ran-

domly selected tuple in r× s, the value in a column from r is statistically independent of the value

of a column from s. For multi-column joins the summary statistics in the histograms are not suf-

ficient to exactly compute the size of the result set. If we assume, however, that the values of all

columns in the join from the same table are statistically independent, we can estimate the size of a
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k−column join as

ˆsize(r ./k s) = |r||s|
k

∏

i=1

p(r.i, s.i) [4.1]

where, without loss of generality, we assume column r.i is joined with s.i for 1 ≤ i ≤ k.

Our estimates of p′ and n′ for candidate literal candLit then are

p̂′ = ˆsize(POS CURR ./b rel(candLit))

and

n̂′ = ˆsize(NEG CURR ./b rel(candLit))

where rel(candLit) is the relation of candLit and b is the number of old variables in candLit.

In order to compute the gain of candLit, in addition to p′ and n′, we need p++, the number

of tuples in POS CURR (pre-update) still covered by the new rule if we accept candLit. Thus,

we need to estimate the number of tuples in r = POS CURR that give rise to at least one tuple in

r ./k s where s is rel(candLit).

To estimate p++, we first compute q, the probability a randomly selected tuple in r×s matches

on join columns 2 through k given the independence assumptions as

q =
k

∏

i=2

p(r.i, s.i)

where again we assume column r.i is joined with s.i for 1 ≤ i ≤ k. If k = 1 we set q to 1.0. If we

pick randomly, with replacement, j tuples from r × s, the probability that at least one matches on

join columns 2 through k is

m(j) = (1.0− (1.0− q)j).

A tuple in r with value v in the first join column has hs.1(v) tuples in the cross product that

match in the first column and this many “chances” to match on the remaining k − 1 columns. So,

we estimate the probability that the tuple will have at least one match in the result set as m(hs.1(v)).

Summing over all values and multiplying by hr.1(v) gives our estimation of p++

p̂++ =
∑

v

hr.1(v) ∗m(hs.1(v)).
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Our choice of doing this final sum over values of the first join column is arbitrary. We could

have chosen any i of the k join columns as the one to do the final sum over; however, we would

then calculate q as the probability of a match on the k − 1 columns excluding join column i. Due

to errors introduced by the sampling with replacement assumption of m(j), in general the estimate

p̂++ will be different for each choice of final join column i. In practice however, we have found

p̂++ to be close for any choice of i.

As with the expression for estimating p′ and n′, our estimation p̂++ is exact for 1-column joins.

Thus, we can exactly compute the gain for candidate literals with one old variable given the column

histograms.

4.7 FOIL-DH(F): Estimating the highest gain literal

We speed up FOIL-D by using estimations of p′, n′ and p++ to estimate the highest scoring

candidate literal in two ways. The first method simply estimates the gain of every candidate literal

directly with p̂′, n̂′ and p̂++ and chooses the one with highest estimated gain to append to the

growing clause. This method eliminates the 3C joins needed to estimate the gain of the C candidate

literals thereby reducing the number of joins performed to learn a theory with R rules and L literals

to

# of join operations = R + 2L.

A problem with this method is that the independence assumption often causes the estimated

gains of the highest-scoring candidate literals with 2 or more old variables to be less than their

true gains. In cases where the candidate literal with highest gain has multiple old variables, this

procedure often erroneously estimates the highest scoring literal to be one with only 1 old variable.

However we have found empirically that the relative ranks of the candidate literals with multi-

ple old variables, especially the highest scoring ones, is relatively stable following the estimation

procedure. This leads to our other use of p̂′, n̂′ and p̂++.

We also use the estimates of the candidate literal gains as a filter to reduce the number of

candidate literals whose gains are computed exactly by performing actual join operations. Given

filter size F we pick a candidate literal to conjoin to the growing clause with this method as follows.
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Figure 4.1 A small network, where←− indicates linked-to [121]

First, we compute the estimated gains of the entire candidate set using our histograms as described

above. Next, we rank the candidate literals with two or more old variables by estimated gain and

compute the exact gain for the top F . Finally, we choose that the literal with the highest true gain

among these F and the top scoring candidate literal with a single old variable. We call this method

FOIL-DH(F).

The number of joins performed to learn a theory with FOIL-DH(F) is

# of join operations = R + 2L + 3FL

which is still much smaller than R + 2L + 3C for small F .

4.8 Experimental results

We conducted experiments using FOIL-D, FOIL-DH and FOIL-DH(F) on three learning tasks

taken from machine learning literature, which were used by Quinlan [121] to illustrate the power

of FOIL. The aim of the experiments performed is to determine whether the cost of obtaining

accurate hypotheses, with respect to FOIL, can be significantly reduced by using probabilistic

models (FOIL-DH) and filtering (FOIL-DH(F)) to estimate the scores of literals.

Our first learning task involved learning the definition of can-reach in the network [121] shown

in Figure 4.1. Extensional definitions of can-reach(N,N), not-can-reach(N,N) as well as linked-

to(N,N) were given as positive examples, negative examples and background knowledge respec-

tively. Variables in this relation consists of one type, N (Node). The goal is to learn a general
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Table 4.3 Rules learned for target relation can-reach
FOIL type Rules learned

FOIL-D, FOIL-DH(1-6) can-reach(X0, X1)← linked-to(X0, X1)

can-reach(X0, X1)← linked-to(X0, X2), can-reach(X2, X1)

FOIL-DH(0) can-reach(X0, X1)← linked-to(X0, X2), linked-to(X3, X1),

linked-to(X2, X4), can-reach(X2, X1)

can-reach(X0, X1)← linked-to(X0, X2), linked-to(X3, X1),

linked-to(X2, X4), linked-to(X4, X5), linked-to(X6, X3)

Table 4.4 Rules learned for target relation eastbound
FOIL type Rules learned

FOIL-D, FOIL-DH(0-6) eastbound(X0)← has-car(X0, X1), closed-top(X1), short(X1)

definition for can-reach. Table 4.3 shows the rules learned by FOIL-D and FOIL-DH(0-6), which

are using filter sizes set to 0 through 6.

The second learning task was from the INDUCE system by Michalski et al. [97]. Trains in

Figure 4.2 have different numbers of cars, with various shapes and tops, carrying loads of various

number and shape. The task is to distinguish between eastbound and westbound trains. Clauses

learned by FOIL-D and FOIL-DH(0-6) are shown in Table 4.4.

The third and final task we considered was that of learning family relationships from Hin-

ton [65]. Figure 4.3 shows two isomorphic families of twelve members each. There are twelve

relationship types to be learned: mother, father, wife, husband, son, daughter, sister, brother, aunt,

uncle, niece and nephew. The rules learned by FOIL-DH(1) for this task are identical to those

learned by FOIL-D on all twelve relations. Tables 4.5 and 4.6 show the definitions learned by

FOIL-D and FOIL-DH(0-6) for uncle and mother respectively. Since all uncles happen to also be

married in these families, the second literal in both uncle clauses serves the purpose of asserting
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Figure 4.2 Eastbound and westbound trains from Michalski et al. [97]

Table 4.5 Rules learned for target relation uncle
FOIL type Rules learned

FOIL-D, FOIL-DH(1-6) uncle(X0, X1)← niece(X1, X0), husband(X0, X2)

uncle(X0, X1)← nephew(X1, X0), husband(X0, X2)

FOIL-DH(0) No rules learned

that person X0 is a man. The rules learned by FOIL-D and FOIL-DH(1-6) for other relations are

similar in structure. FOIL-DH(0) fails to learn any rules3

When learning the relations can-reach and the twelve familial relationships, FOIL-D as well

as FOIL-DH(1-6) constructs accurate, compact rules. However, for the can-reach relation, FOIL-

DH(0) generates long, convoluted clauses that consist of only literals with one old variable. Fur-

thermore, FOIL-DH(0) does not generate any rules for any of the twelve family relationships. The

reason for this can be seen in Figure 4.4. Whenever FOIL-DH(0) makes an estimation of the gain

for literals with multiple old variables, it always under-estimates the actual gain of the highest

scoring literals, whereas it always estimates the exact actual gain for literals with exactly one old

variable. Hence, literals with exactly one old variable will score higher than literals with multiple

old variables, resulting in the unique property of the rules learned by FOIL-DH(0) for the relation

can-reach. This reasoning also supports the results of FOIL-DH(0) on the relationships of the fam-

ily dataset because the definitions of those relations require literals with two old variables to be

added first to the body of the clause.
3FOIL-DH(0) learns no rules in cases where the first rule it “learns” covers zero positive examples and is discarded.
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Figure 4.3 Two family trees, where = means married-to, from [65] and [121]

Table 4.6 Rules learned for target relation mother
FOIL type Rules learned

FOIL-D, FOIL-DH(1-6) mother(X0, X1)← daughter(X1, X0), husband(X2, X0)

mother(X0, X1)← son(X1, X0), husband(X2, X0)

FOIL-DH(0) No rules learned
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Figure 4.4 Estimated gain versus actual gain calculations for adding the first literal in the relation
uncle. The literal with the highest scoring true gain, niece(X1,X0), has true gain of near 12 and
estimated gain of near 5. This literal is not chosen by FOIL-DH(0), but since this literal has the

highest estimated score of the literals with multiple old variables it is correctly chosen by
FOIL-DH(1).
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How then was FOIL-DH(1), with a filter size of just 1, able to learn the correct definitions

for can-reach and the twelve familial relationships? One possible explanation is that even though

the estimations for literals with multiple old variables are lower, the order of the estimated gain

for these literals is maintained. This would allow FOIL-DH(1), which specifically considers the

highest estimated literal with multiple old variables, to accurately select the best literal.

Figure 4.5 shows the total number of JOINs performed for the different FOIL types. FOIL-

DH(0) to FOIL-DH(6) grows linearly in the number of JOINs performed. Hence, the use of FOIL-

DH(F), with a resonable filter size provided as input, would still provide significantly more savings

than FOIL-D.

This work was originally published in the Proceedings of the Fourteenth International Confer-

ence on Inductive Logic Programming [17].
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Figure 4.5 Total number of JOINs performed for the different FOIL types when learning the
following relations (in order from left to right in the histogram): can-reach, eastbound, mother,

father, wife, husband, son, daughter, sister, brother, aunt, uncle, niece, nephew
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Chapter 5

Inferring Regulatory Networks from Time Series Expression and
Relational Data via Inductive Logic Programming

5.1 Introduction and Motivation

Diseases are often caused by genetic factors, environmental factors or both. Genetic muta-

tions or environmental toxins cause cells to respond differently, often in an unfavorable manner.

Gaining insight into the underlying regulation of genes within organisms is important not just for

understanding the cause of diseases but also for developing treatments.

For nearly a decade now, DNA microarray technology has enabled the simultaneous measure-

ment of mRNA abundance of genes in an organism under normal conditions or under various

treatments or perturbations. However, microarray experiments still have many sources of error:

sample preparation, hybridization, scanning, image processing, normalization, etc. Because sam-

ples for microarray data are usually obtained by pooling extracts from a population of cells rather

than a single cell, in addition to experimental variables and limitations of the technology, the mea-

surements obtained can be noisy. Noisy data inherently makes it more difficult to reverse engineer

the underlying regulatory network.

Despite the difficulty of deciphering genetic regulatory networks from microarray data, numer-

ous approaches to the task have been quite successful. Friedman et al. [45] were the first to address

the task of determining properties of the transcriptional program of S. cerevisiae (yeast) by using

Bayesian networks (BNs) to analyze gene expression data. Pe’er et al. [116] followed up that work

by using BNs to learn master regulator sets. Other approaches include Boolean networks (Akutsu
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et al. [3], Ideker et al. [72]) and other graphical approaches (Tanay and Shamir [155], Chrisman et

al. [24]).

The methods above can represent the dependence between interacting genes, but they cannot

capture causal relationships. Pe’er et al. [117] ingeniously proposed the use of microarray experi-

ments in which specific genes have been deleted (knockout) in yeast to obtain causality. The use of

perturbations such as gene deletion mutants can allow the BN learning algorithm to learn a directed

edge that suggests direct causal influence. This approach of combining observational and interven-

tional data delivered promising results. Unfortunately, a complete library of gene knockouts are

not yet available for organisms other than yeast. The advent of small interfering RNA (siRNA) can

be used to reduce the expression of a specific gene in organisms other than yeast, however, siRNA

does not guarantee complete silencing of the gene. In our previous work [108], we proposed that

the analysis of time series gene expression microarray data using Dynamic Bayesian networks

(DBNs) could allow us to learn potential causal relationships (Figure 5.1). The constancy of the

arcs of the DBN is justified by an assumption that the process being modeled is stationary though

not static. While values of variables may change over time, the manner in which the value of one

variable influences the value of a variable at the next time step (i.e., the parents and the conditional

probability distribution for the latter variable) will not change.

DBN learning can provide more insight into causality than ordinary BNs. An induced arc from

gene X1 to gene X2 in an ordinary BN simply means that the expression of gene X1 is a good

predictor of the expression of gene X2 at the same time (Figure 5.2a). While this good prediction

may be because expression of gene X1 influences expression of gene X2, it could just as easily be

because expression of gene X2 influences expression of gene X1 or expression of both gene X1

and gene X2 are influenced by expression of another gene X3 (Figure 5.2b). On the other hand,

an induced arc from gene X1 to gene X2 in a DBN implies that expression of gene X1 at one

time slice is a consistently good predictor of gene X2 at the next time slice. This good prediction
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Figure 5.1 Simple DBN model. Labeled circles within a dotted oval represent our variables in
one time slice. Formally, arcs connecting variables from one time slice to variables in the next

have the same meaning as in a BN, but they intuitively carry a stronger implication of causality.
We note that in a DBN with more time slices, the arcs are always the same, e.g., the arc from X1

at time slice 1 to X2 at time slice 2 is also present from time slice t to time slice t + 1 for all
1 ≤ t < T where T is the last time slice in the model.
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Figure 5.2 (a) X1 may be a good predictor of X2, but is X1 regulating X2? (b) Ground truth
might be any one of these or a more complicated variant.

is unlikely to be because expression of gene X2 influences expression of gene X1; intuitively, it

seems likely to be because expression of gene X1 influences expression of gene X2.1

While temporal gene expression data contains causal information in the temporal data se-

quence, the dependence on the appropriate sampling rate, the small sample size, the large number

of variables, and the presence of many hidden (signaling and other molecular interactions for which

we do not have measurements) variables make it difficult for learning algorithms to completely de-

termine the network.

In this chapter, our goal is to utilize the abundant information available from many years of

low-throughput as well as recent high-throughput research that are currently available in public

databases to infer new relationships that cannot be learned from expression data alone. We are

interested in discovering whether ILP is able to infer theories for particular pathways from time

series microarray data and use other known relational information about the organism to refine

what is already known about that pathway. Specifically, we formulate the learning in the same
1An arc in a DBN does not establish causality definitively. Nevertheless, if a learned DBN contains arcs that imply

novel potential causal relationships, in some cases biologists can test these novel relationships with additional, more
focused (and time-consuming) experiments.
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way as a DBN by learning theories of gene expression that are good predictors of the expression

of particular genes at the next time step.

Regulatory sequences control gene expression temporally as well as spatially by cis-acting

elements and trans-acting factors. Cis-acting elements are DNA sequences in the vicinity of the

target gene, usually upstream of the transcription start site. Trans-acting factors, bind to the cis-

acting sequences to control gene expression in several ways: the factor may (1) be expressed

temporally (specific times in life cycle), (2) be expressed spatially (in a specific location), (3)

require modification (phosphorylation), (4) be activated by ligand binding, (5) be sequestered until

an environmental signal allows it to interact with the nuclear DNA. Hence, by integrating temporal

gene expression data with additional information such as protein-protein interaction, transcription

factor and kinase-substrate (phosphorylation) information, we believe we can capture some of

these causal relationships and underlying mechanisms.

5.2 Related Work

Our goal in this chapter is similar to that of Tu et al. [158]. We are interested in determining

whether ILP can learn the pathway links between causal genes and target genes that explain the

regulatory relationships between them. In the past few years, we have seen an increase in the use

of inductive logic programming (ILP) methods for learning functional genomics [19,85,127,152],

metabolic networks [154] and also predicting gene expression levels [114]. Papatheodorou et

al. [114] used Abductive logic programming (ALP) to learn rules that would explain how gene

interactions can cause changes in gene expression levels.

Recently, Fröhler and Kramer [47], applied ILP to the task of predicting up- and down-regulation

of gene expression in S. cerevisiae under different environmental stress conditions [52] with the use

of additional information. Fröhler and Kramer used the data from Middendorf at al. [98], where

the presence of transcription factor binding sites (pruned list of 354 after removing redundant and

rare sites) in the gene’s regulatory region and the expression levels of regulators (selected list of

53, 50 of which were top ranking regulators identified by Segal et al. [139]) are used to predict

gene regulation.
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Following Middendorf, Fröhler and Kramer consider three classes of gene activity: up-regulation

(> 1.2 log fold change), down-regulation (< -1.2log fold change), and no change. The up- and

down-regulated genes consist of 5% of all the data points since 95% of the expression were

unstimulated. Their results report on discriminating between up- and down-regulation, with excel-

lent results, although the original work from Middendorf’s showed that discriminating between the

three classes is a much harder task. We similarly discretize into three classes to reduce noise, but

our up- and down-regulated classes are about 20% of the total number of examples, so one would

expect the discrimination task in our case to be harder.

Our work differs from that of Fröhler and Kramer in four ways. First, we learn rules to predict

the up-regulation of a gene based on the activity and expression of genes from the previous time

step as in a DBN since we are interested in learning causal relationships from the data. Secondly,

we discretize the gene expression data by comparing two consecutive time series measurements

under the same experimental condition and determining whether the change in expression was up,

down or same based on a threshold of greater than 0.3, less than -0.3, or in between. Thirdly, we

use information on transcription factors rather than transcription factor binding sites and we do not

restrict the transcription factor or regulator set as our goal is to learn possible new players in the

network. Finally, we use Aleph [146] instead of Tilde [15].

5.3 ILP and Aleph

Inductive logic programming (ILP) is a popular approach for learning first-order, multi-relational

concepts between data instances. ILP uses logic to induce hypotheses from observations (positive

and negative examples) and background (prior) knowledge by finding a logical description of the

underlying data model that differentiates between the positive and negative examples. The learned

description is a set of easily interpretable rules or clauses.

There are many ILP systems available, but we chose to use Aleph because it has been shown

to perform well even on fairly large datasets. This is because Aleph implements the Progol algo-

rithm [102], which learns rules from a pruned space of candidate solutions. The Progol algorithm

structures and limits the search space in two steps. Initially, it selects a positive instance to serve
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as the seed example and searches the background knowledge for the facts known to be true about

the seed example - the combination of these facts form the example’s most specific or saturated

clause. Then, Aleph defines the search space to be clauses that generalize a seed example’s satu-

rated clause, and performs a general to specific search over this space. The key insight of the Progol

algorithm is that some of these facts explain the seed example’s classification, thus generalizations

of those facts could apply to other examples.

5.4 Data and Methodology

To test our hypotheses, we use time series gene expression data of environmental stress re-

sponse experiments, including DNA-damaging agents from Gasch et al. [51, 52]. We chose to use

this dataset on yeast because yeast is a model organism used for studying many basic cellular pro-

cesses and there exist many publicly accessible databases containing various sources of data from

many years of research. We focused our study on the DNA damage checkpoint pathway because

it is an important pathway that has been widely studied. There are about 6500 genes in yeast, 19

of which are considered to be in the “DNA damage checkpoint” pathway based on a recent review

by Harrison and Haber [60].

It is well known that a common problem with current microarray data is the small number

of sample points and the large number of features or genes. Nevertheless, it is hoped that dis-

cretization as well as other sources of information will permit useful results to be obtained. We

determined the relative change in expression from one time step to the next by comparing the

expression levels between two consecutive time series measurements. The time series data were

discretized into one of three possible discrete values by comparing two consecutive time series

measurements: if the change increased by 0.3, we consider the expression to be up-regulated, if

the change decreased by 0.3, we consider the expression to be down-regulated, otherwise we say

the expression stayed the same.

As alluded to earlier, there are many other spatial and molecular interactions that are not cap-

tured by expression data. Known transcription factors for specific genes can allow the learning

algorithm to focus on specific proteins that are known to interact with the DNA of the target gene.
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The learning algorithm could also potentially discover combinations of transcription factors (pairs,

trios, etc.) required to trigger a change in expression of a particular set of genes. Because tran-

scription factors can also interact with other proteins or metabolites on their way to activating

gene expression, background knowledge of proteins that are known to interact with each other

can allow for the discovery of novel proteins in the pathway. Furthermore, an estimated 30% of

proteins need to be phosphorylated in order to trigger a change in the protein’s function, activ-

ity, localization and stability [76]. Thus, background knowledge about a large number of protein

phosphorylation events in yeast was also included [38].

Recent technological advances have produced more high-throughput data that capture different

types of interactions. ChIP-chip (chromatin immunoprecipitation, a well-established procedure to

investigate interactions between proteins and DNA, coupled with whole-genome DNA microar-

rays) technology allows one to determine the entire spectrum of in vivo DNA binding sites for any

given transcription factor or protein. Mass spectrometry, large-scale two-hybrid screens, single-cell

analysis of flow cytometry, and protein microarrays have all been used to generate high-throughput

measurements of certain types of molecules such as proteins, metabolites, protein-protein interac-

tions and also signaling events such as phosphorylation within cells. Most of these data are also

known to be noisy especially those obtained through high-throughput methods that were conducted

in vitro (outside the organism). High-throughput protein-protein interaction and phosphorylation

data are especially noisy because the conditions under which the data are collected differs quite

significantly from that in a cell, i.e. detecting interactions that would not actually occur in vivo

(inside the organism) or missing interactions that actually take place.

We aim to link known interactions with gene expression activity to possibly learn new mech-

anisms. We do this by associating the up- or down-regulation of specific genes from the previous

time step with its transcription factor, a protein it might interact with, or a phosphorylation event.

We assume that an event in the previous time step will contribute to the change in expression at the

current time. This assumption does not necessarily hold for all biological activity but a similar as-

sumption, that of using a gene’s expression level to approximate the activity of other genes within

the same pathway, have been used by others [166].
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Table 5.1 Cross validation accuracies

Fold 0 1 2 3 4 5 6 7 8 9 Average

Accuracy 0.73 0.87 0.81 0.72 0.83 0.84 0.73 0.79 0.75 0.78 0.79

The MIPS Comprehensive Yeast Genome Database (CYGD) [58] provided much of the in-

formation regarding yeast genes, their function, location, phenotype and disruption. We obtained

protein-protein interaction data from BioGRID [148], transcription factor data from the YEAS-

TRACT database [157], and over 4000 yeast phosphorylation events from Ptacek et al. [38]. The

ILP system, Aleph [146], was used to learn rules from the data.

We first learn rules using inductive logic programming (ILP) to predict the discretized gene

expression level at the next time step as in a DBN. Then we use the learned theory to generate a

pruned network or graph that show interactions corresponding to proofs for the rules.

5.5 Experiments and Results

We performed ten-fold cross validation experiments to learn theories for predicting held-out

gene expression values for genes in the DNA damage checkpoint pathway at the next time step.

The discretized microarray experiments were divided into ten folds, grouping replicate experiments

together to avoid bias, based on the different experimental conditions.

We obtained an accuracy of 79% on predicting up-regulated examples averaged over ten folds

of the cross-validation procedure (see Table 5.1). A comparison of how well the rules found by

ILP with a baseline algorithm such as Naı̈ve Bayes would give us a better idea of whether the

additional relational data was helpful. However, a better comparison would be to compare these

results with those of a DBN, but that will be left for future work.

Examples of some of the rules learned across the folds are:

Rule 1 up(GeneA,Time,Expt) :-

previous(Time,Time1), down(GeneA,Time1,Expt),
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interaction(tof1,GeneA), up(tof1,Time1,Expt),

function(GeneA,’CELL CYCLE AND DNA PROCESSING:cell cycle:mitotic cell cycle and

cell cycle control:cell cycle arrest’).

Rule 2 up(GeneA,Time,Expt) :-

previous(Time,Time1), down(GeneA,Time1,Expt),

phosphorylates(GeneA,GeneE),

up(GeneE,Time1,Expt),

transcriptionfactor(GeneF,GeneE), down(GeneF,Time1,Expt),

transcriptionfactor(GeneF,cdc20), down(cdc20,Time1,Expt).

Rule 3 up(GeneA,Time,Expt) :-

previous(Time,Time1), down(GeneA,Time1,Expt),

interaction(GeneE,GeneA), down(GeneE,Time1,Expt),

interaction(GeneE,mms4), down(mms4,Time1,Expt),

function(GeneA,’METABOLISM’).

These rules all specify the activity of specific genes involved in the larger DNA damage path-

way. Tof1 is a subunit of a replication-pausing checkpoint complex (Tof1p-Mrc1p-Csm3p) that

acts at the stalled replication fork to promote sister chromatid cohesion after DNA damage, facili-

tating gap repair of damaged DNA. Cdc20, which is regulated by cell-cycle genes, is an activator

of anaphase-promoting complex/cyclosome (APC/C), which is required for metaphase/anaphase

transition. It is part of the DNA damage checkpoint pathway and directs ubiquitination of mitotic

cyclins, Pds1p, and other anaphase inhibitors. Finally, Mms4 is a subunit of the structure-specific

Mms4p-Mus81p endonuclease that cleaves branched DNA and is involved in recombination and

DNA repair.

The learned rules prove examples, and proofs generate paths between genes, so using the theo-

ries from all the folds we generated graphs. The graphs only show links that can be used in proofs
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for at least five examples from the train and test set. We could have combined all the data from the

train and test sets to learn rules before generating the graphs in order to make use of all the data,

but we just used all the rules learned from the ten-fold cross validation experiments.

The width of a line in the graph is an indication of the proportion of examples used in the

proof. Note that the graph only displays literals that were used in successful proofs. Hence, paths

in the graph correspond to proofs and the nodes are examples of literals which were used to prove

the rules. The learned graph of interactions amongst the 19 genes in the DNA damage checkpoint

pathway are shown in Figure 5.3. A more detailed graph showing interactions amongst the genes

in the DNA damage checkpoint pathway as well as transcription factors and phosphorylators can

be seen in Figure 5.4.

5.6 Discussion

The DNA damage checkpoint monitors genome integrity, and ensures that damage is corrected

before cell division occurs. When DNA damage is detected, the checkpoint network transmits

signals that stall the progression of the cell cycle and mobilize repair mechanisms. The graph

resulting from our analysis recapitulates many of the central aspects of this signaling network, and

connects that network temporally to the normal progression through the cell cycle.

DNA damage (often in the form of a double strand break) is first recognized by MRX, a pro-

tein complex consisting of Mre11, Rad50 and Xrs2. These proteins are shown to interact together

slightly to the left of the middle of Figure 5.4, with Mre11 linked to both Xrs2 and Rad50. The

MRX complex coordinates the restructuring of the damaged region. MRX stimulates the phospho-

rylation of histones, H2A, in the region adjacent to the DNA double strand break (via Tel1) and

recruits an exonuclease to generate a stretch of single stranded DNA. Our graph does not include

physical interactions between Tel1 and the MRX complex, however both are connected through

Mec1 and through the DNA binding protein Rap1. Rap1 can act as an inducer or a repressor, and

is active in many disparate elements of cell biology, including ribosome synthesis and telomere

preservation.
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MEC1
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RAD53
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RAD17

RAD24
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PDS1
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DPB11CDC20ESP1

Figure 5.3 Learned graph of interactions from successful proofs amongst the 19 genes in DNA
damage checkpoint pathway from Harrison and Haber [60]. Straight edges represent

protein-protein interactions. The width of a line in the graph is an indication of the number of
examples that used this interaction in a proof.
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Figure 5.4 Learned graph of interactions from successful proofs for the DNA damage checkpoint
pathway. Straight edges represent protein-protein interactions, solid lined arrows represent
transcription factor to target gene interaction, and dotted arcs represent kinase to substrate

phosphorylation. The width of a line in the graph is an indication of the number of examples that
used this interaction in a proof. A larger figure can be found at:

http://www.biostat.wisc.edu/˜ong/new2a.ps
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Once single stranded DNA is generated, it is bound by the heterotrimer replication protein A

(RPA) and two things occur. First, Mec1/Ddc2 binds and activates the signaling cascade. Mec1

phosphorylates Rad9 (shown as physical interaction in the graph), which in turn recruits Rad53.

Ddc2 is conspicuously absent from this graph due to the requirement that only links that can be

used in proofs for a certain number of examples are displayed. Next, the 9-1-1 clamp, which con-

sists of three proteins Rad17, Mec3 and Ddc1, binds and demarcates the ssDNA/dsDNA junction,

and facilitates some of the interactions described above. The 9-1-1 clamp components are grouped

at the left side of the graph, linked by protein-protein interactions.

At the heart of the signaling network is Rad53, a well-connected, essential yeast kinase. Rad53

phosphorylates Dun1, a kinase whose activity ultimately controls much of the transcriptional re-

sponse to DNA damage. Dun1 is also a very central protein in this network, demonstrating in-

teractions with the 9-1-1 clamp, Rad24, the MRX complex, Rad53 and Pds1, a cell cycle control

gene. Finally, Rad53 signals cell cycle arrest through Pds1 (via Cdc20), and Cdc5. Pds1 governs

entry into mitosis, and Cdc5 controls exit from mitosis. All of these interactions are present in our

results.

DNA damage is an inevitable consequence of DNA synthesis, and the graph reveals that the

expression of the gene responsible for signaling the induction of DNA repair genes (Dun1) is

coordinated by two transcription factors (Swi4 and Mbp1) that are active in the period just before

DNA synthesis begins. Likewise, the transcription factors Mcm1, Fhk1 and Fkh2 are known to

control the transition from G2 to mitosis, and in our graph these TFs are linked to Cdc5, Cdc20

and Pds1, which govern this transition.

At a broader level, the results shown in Figure 5.4 illustrates the centrality of Rad9, Rad53 and

Dun1. These genes are instrumental in coordinating the various aspects of this response: detection

of damage, cell cycle arrest, and mobilization of repair mechanisms.

5.7 Chapter Summary

As a first step, we concentrated our experiments on learning the DNA damage checkpoint

pathway because it is an important pathway that have been implicated in cancer and aging, and
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because it has been well studied. This pathway plays an important role by responding to single and

double-stranded DNA breaks, and is therefore often activated in stressful environments. Hence, it

involves a lot of signaling kinases that phosphorylates proteins that are already present within the

cell or that only require molecular amounts to trigger a response.

After performing our analysis, we found that the phosphorylation dataset from Ptacek et al. [38]

did not specifically include any phosphorylation relationships for the kinase and substrates in the

DNA damage checkpoint pathway. The results we obtained show that our method is quite good

at learning important pathway interactions and regulators despite the fact that the data may be

noisy or incomplete. This further emphasizes the utility of integrating different data types, since

many potential interactions, including those that were not evident from single data sources were

identified.

This work was originally published in the Proceedings of the Sixteenth International Confer-

ence on Inductive Logic Programming [109].
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Chapter 6

Mode Directed Pathfinding

6.1 Introduction

Over the past few years there has been a surge of interest in learning from multi-relational do-

mains. Applications have ranged from bioinformatics [111], to web mining [22], to law enforce-

ment and security [77]. Typically, learning from multi-relational domains has involved learning

rules about distinct entities so that they can be classified into one category or another. As an exam-

ple, given a drug compound and a database describing drug compound properties, one may want

to predict whether the compound is carcinogenic or not [147]. However, there are also interest-

ing applications that are concerned with the problem of learning whether a number of entities are

connected. Examples of these include determining whether two proteins interact in a cell (Fig-

ure 6.1), whether two identifiers are aliases, or whether a web page will refer another one. These

are examples of link mining [56], which in general can be described as learning connections in a

graph.

A number of approaches have been proposed for exploiting link structure to improve results.

Most of these approaches are graph based, including SUBDUE, which discovers substructures that

compress the original database to represent interesting structural concepts in the data [25], and

ANF, which computes properties pertaining to the connectivity or neighborhood structure of the

graph [112].

Our focus here is on first-order learning systems such as ILP. Most of the approaches in ILP rely

on hill-climbing heuristics in order to avoid the combinatorial explosion of hypotheses that can be

generated in learning first-order concepts. However, hill-climbing is susceptible to local maxima
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Figure 6.1 Graph showing branching factor of protein-protein interactions [55].
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and local plateaus. Hence, it becomes crucial to constrain the search process. A seminal work in

directing the search in ILP systems was the use of saturation [132], which generalizes literals in

the seed example to build a bottom clause [103]. The theoretical role of the bottom clause is to

anchor one end of the search and introduce constants and variable co-references. Another method

for directing the search, pathfinding, was proposed by Richards and Mooney [128]. Pathfinding

was originally proposed in the context of the FOIL ILP system, which does not rely on creating a

saturated clause. Richards and Mooney realized that the problem of learning first-order concepts

could be represented using graphs, and using the intuition that if two nodes interact there must

exist an explanation, proposed that the explanation should be a connected path linking the two

nodes. Craven et al. [26] developed an algorithm for pathfinding, that is a variant of Richards and

Mooney’s relational pathfinding method.

In the last few years, ILP systems have been increasingly applied to large datasets, where

the number of individuals and the branching factor per node can be very large [31, 32]. Ideally,

saturation based search and a good scoring method should eventually lead us to the interesting

clauses. Unfortunately, experience has shown that the search space can grow so quickly that we

risk never reaching an interesting path in a reasonable amount of time (See Figure 6.2). This

prompted us to consider alternative ways, such as pathfinding, to constrain the search space.

Unfortunately, the original pathfinding algorithm assumes the background knowledge forms

an undirected graph. In contrast, the saturated clause is obtained by using mode declarations: in

a nutshell, a literal can only be added to a clause if the literal’s input variables are known to be

bound. Mode declarations thus embed directionality in the graph formed by literals.

We propose a new algorithm for finding paths in the saturated clause. Our major insight is that

a saturated clause for a moded program can be described as a directed hypergraph, which consists

of nodes and hyperarcs that connect a nonempty set of nodes to one target node. Given this, we

show that path finding can be reduced to reachability in the hypergraph, whereby each hyperpath

will correspond to a hypothesis. However, we may be interested in non-minimal paths and in the

composition of paths. We thus propose and evaluate an algorithm that can enumerate all such

hyperpaths according to some heuristic.
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a(X,Y)

b(X,W) c(Y,Z)

d(W,E) d(W,P) e(W,F) h(Z,B)g(Z,Q)f(Z,F)

k(Q,D)j(P,C)i(E,R)

Figure 6.2 Search space induced by a saturated clause. The literal at the root of the graph
represents the head of the saturated clause. All the other literals in the graph appear in the body of

the saturated clause. Bold arcs indicate a possibly interesting path linking X to Y. Dotted arcs
indicate parts of the search space that will not lead to determining connectivity of the two entities.
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This chapter is organized as follows. First, we review Richards and Mooney’s [128] ground-

breaking work on pathfinding. Second, we discuss how the saturated clause can be seen as forming

a hypergraph. We then present our algorithm through an example, and give conclusions.

6.2 Path Finding

We illustrate the relational path finding algorithm by Richards and Mooney [128] with their

example using a portion of the data in Hinton’s family domain [66]. Suppose we want to learn the

relationship uncle, given an initially empty rule, the positive instance uncle(Arthur,Charlotte)

and the database in Figure 6.3a, which includes family relations between seven individuals. Our

first step, shown in Figure 6.3b, is to explore nodes one hop away from Arthur and Charlotte.

Starting from Arthur, we have a connection to individuals Christopher and Penelope. Starting

from Charlotte, we get Victoria and James. Since we have not encountered an intersection,

we continue by expanding all paths originating from Arthur (Figure 6.3c). Here, we recognize an

intersection between paths from Arthur and Charlotte at Victoria. By visual inspection, we

can see that there are actually three paths leading from Arthur to Victoria. In this case, the path

with the best overall accuracy would be chosen as a rule:

uncle(X,Y)← parent(Z,X),parent(Z,W),parent(W,Y).

If the rule is still too general, usually because it requires non-relational antecedents, it can further

be specialized by using a standard FOIL-like technique.

Our first impression was that we could easily apply this pathfinding algorithm to the satu-

rated clause. We could select a positive instance (seed), and instead of directly applying the path

finding algorithm, first saturate the instance to generate a saturated bottom clause. Literals can

serve as nodes, and shared variables and constants can serve as edges. Unfortunately, just us-

ing path finding might result in clauses that break the mode induced language bias. We show in

sections 6.3 and 6.4 how we make use of mode declarations to find connected paths.
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Figure 6.3 (a) Family tree domain from Hinton [66]. (b) Expanded nodes 1 hop away from nodes
Arthur and Charlotte. Since no intersection was found, continue to expand nodes. (c) Expand

all paths originating from Arthur; Victoria is at the intersection of paths from Arthur and
Charlotte, hence a path if found. The bold arcs indicate a path found.
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6.3 The Saturated Clause and Hypergraph

The similarities between the properties of a saturated clause and a hypergraph provide a natural

mapping from one to the other. A directed hypergraph H is defined by a set of nodes N and a set

of hyperarcs H . A hyperarc has a nonempty set of source nodes S ⊆ N linked to a single target

node i ∈ N [11].

A saturated clause can be mapped to a hypergraph in the following way. First, as a saturated

clause is formed by a set of literals, it is thus natural to say that each literal Li is a node in the

hypergraph. Second, we observe that a node Li may need several input arguments, and that each

input argument may be provided from a number of literals. Thus, if a node Li has a set of input

variables, Ii, each hyperarc is given by a set of literals generating Ii and Li. In more detail, a

saturated clause maps to a hypergraph as follows:

1. Each node corresponds to a literal.

2. Each hyperarc with N ′ ⊆ N nodes is generated by a set V of i′ − 1 variables V1, . . . , Vi′−1

appearing in literals or nodes L1, . . . , Li′−1. The mapping is such that

(i) every variable Vk ∈ I ′

i appears as an output variable of node Lk

(ii) every variable Vk appears as argument k in I ′

i

Intuitively, the definition says that each node L1, . . . , LN ′−1 generates an input variable for node

L′

N . Note that if node L′

N has a single input argument, the hyperarc will reduce to a single arc.

Note also that the same variable may appear as different input arguments, or that the same literal

may provide different output variables. Thus, the size of a hyperarc may be less than the number

of input arguments plus 1.

The number of variables and nodes in the saturated clause is finite, therefore, the mapping is

also finite and can be computed in finite time. In fact, one can compute the mapping in linear time

by keeping reverse edges in the graph, since generating all hyperarcs essentially corresponds to

computing the cartesian product of the output sets for each input argument.
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Figure 6.4 (a) Hypergraph of our example saturated clause (a(X, Y ) is the head of the saturated
clause, ’+’ indicates input variable, ’−’ indicates output variable):

a(X, Y )← c(X, W ), c(X, B), b(Y, Z), b(Y, A), d(W, F ), e(Z, C), g(A, F ), e(F, B, D), f(C, B).
(b) Transformation of hypergraph from (a) splits the head literal into its component arguments,

which then serve as different sources for the path finding algorithm. The number preceeding each
literal indicates the number by which we will refer to the literal in Figure 6.5.

Figure 6.4a shows an example saturated clause and resulting hypergraph. The literal at the root

of the graph, a(X, Y ), is the head of the saturated clause. Other literals in the graph appear in

the body of the saturated clause. All literals of arity 2 have mode +,−, that is, input, output.

Literal e(F, B, D), has arity 3 and mode f(+, +,−). Arcs in the figure correspond to dependencies

induced by variables, thus there is an arc between c(X, W ) and d(W, F ) because d(W, F ) requires

input variable W . On the other hand, there is no arc between c(X, B) and f(C, B) since variable

B is an output variable in both cases.

If a literal has a single input variable, its hyperarc reduces to an arc. This is the case for all

literals but e(F, B, D). There are four hyperarcs for node e(F, B, D); they are

{d(W, F ), c(X, B), e(F, B, D)}, {g(A, F ), c(X, B), e(F, B, D)},

{d(W, F ), f(C, B), e(F, B, D)}, and {g(A, F ), f(C, B), e(F, B, D)}.

Before we present the path finding algorithm, we first need to present a simple transformation.

The graph for a saturated clause is dominated by the seed example, L0. If the seed example has M

arguments, it generates M variables, which we transform as follows:



87

1. Generate M new nodes L′

j such that each node will have one of the variables in L0. Each

such node will have an output variable Vj .

2. Replace the edge between L0 and some other node induced by the variable Vj by an edge to

the new node L′

j .

3. Make each output variable M an input variable for L0.

The transformation can be performed in O(M) time. Figure 6.4b shows this transformation

for the hypergraph generated by our example saturated clause. Path generation thus reduces to the

problem of finding all hyperpaths that start from nodes L′

1, . . . , L
′

M .

6.4 Algorithm

In directed graphs, a path π is a sequence of edges e1, e2, . . . , ek and nodes n1, n2, . . . , nk,

such that ei = (ni−1, ni), 1 ≤ i ≤ k. The shortest hyperpath problem is the extension of the

classic shortest path problem to hypergraphs. The problem of finding shortest hyperpaths is well

known [11,124] and examples of applications include the grammar problem (of a context free lan-

guage) [87], linear production systems, transit networks and relational databases [33,50]. Shortest

hyperpath algorithms are used as building blocks of enumerative algorithms for hard combinato-

rial problems [49]. We do not require optimal hyperpaths; rather, we want to be able to enumerate

all possible paths, and we want to do it in the most flexible way, so that we can experiment with

different search strategies and heuristics. On the other hand, as one good heuristic is path length,

our algorithm should be close to optimal path finding algorithms, such as Knuth’s [87].

We present our path finding algorithm through the transformed hypergraph shown in Fig-

ure 6.4b. First, we would like to point out that we want to generate paths in the ’pathfinding’

sense, which is slightly different from hyperpaths in the graph theorical sense. More precisely, a

hyperpath will lead from a node to a set of other nodes in the hypergraph. A path is a set of hy-

perpaths, each starting from a different source node, such that the two hyperpaths have a variable

in common. For example, in Figure 6.4b, nodes {1, 4} form a hyperpath, and nodes {2, 5, 8, 11}
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VariableSet(2,0) −> {Y}

{X,W,F} {X,B} {Y,Z,C} {Y,A,F}

VariableSet(1,2) −> {X,W,B,F} VariableSet(2,2) −> {Y,Z,A,C,F}

VariableSet(2,3) −> {Y,Z,A,C,F,B}VariableSet(1,3) −> {X,W,B,F,D}

Depth 2

Depth 1

Depth 3

Depth 0
P(0,1) P(0,2)

P(1,1) P(1,2) P(1,3) P(1,4)

P(2,1) P(2,2) P(2,3) P(2,4)

P(3,1) P(3,2) P(3,3)

Path P(2,1)−P(2,4): 1 − 3 − 7 − 9 − 6 − 2

{Y,A,F}

P(1,2)−P(3,2): 1 − 4 − 11 − 8 − 5 − 2

, P(3,1)−P(2,4): 1 − 3 − 7 − 10 − 9 − 6 − 2 ,Paths P(3,1)−P(3,2): 1 − 3 − 7 − 10 − 11 − 8 − 5 − 2

Figure 6.5 Illustration of path finding algorithm using mode declarations. Given transformed
hypergraph in Figure 6.4b, which includes information for input and output variables for each

node or literal and source nodes 1 and 2, the algorithm in Figure 6.6 returns a list of paths
connecting all input variables. The algorithm iterates by depth, as illustrated above on the left

hand side. Current paths are expanded at each depth if the node to be expanded’s input variables
are bound. Otherwise, they are crossed out like P (2, 2) and P (3, 3). V ariableSet(s, d) represents
the set of variables reachable from source argument s at depth d. They are used to find common

variables between variable sets of different sources at a particular depth. Hyperpaths found so far
are indicated by P (d, n), where d indicates the depth and n is the node index at that depth. Paths

found are indicated with P (d, n1)− P (d, n2) representing the hyperpaths that are connected.
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form another hyperpath. Since node 4 and node 11 share variable B, {1, 2, 4, 5, 8, 11} form a path.

Our algorithm generates paths as combinations of hyperpaths.

Given hypergraph H , which includes information for input and output variables for each

node or literal, source nodes and desired maxdepth (a function of clause length), the algorithm

described in Figure 6.6 as procedure findPaths, returns a list of paths connecting all input vari-

ables. Figure 6.5 illustrates our path finding algorithm on the example hypergraph in Figure 6.4b.

The numbered nodes of graphs in Figure 6.5 correspond to the labels of literals in Figure 6.4b.

V ariableSet(s, d) represents the set of variables reachable from source argument s at depth d.

They are used to find common variables between variable sets of different sources at a particular

depth. Hyperpaths found so far are indicated by P (d, n), where d indicates the depth and n is

the node index at that depth. Paths found are indicated with P (d, n1) − P (d, n2) representing the

hyperpaths that are connected.

At each depth the algorithm proceeds as follows:

1. Starting from source node, s

2. Expand paths from previous depth, d − 1, only if input variables for the newly expanded

node, n, exist in the previous variable set V ariableSet(s, d − 1) and are bound by parents

reachable at the current depth (i.e., all n’s input variables are bound by parent nodes which

contain n’s input variables.

3. Place all variables reachable from s at current depth d in V ariableSet(s, d).

4. Check V ariableSet of each source at the current depth for an intersection of variables; for

each variable in the intersection create paths from permutations of all nodes containing the

variable, including those from previous depths.

Depth 0 corresponds to the initial configuration with our 2 source nodes, 1 and 2, which

we represent as hyperpaths P (0, 1) and P (0, 2) respectively. The input and output variables

of source nodes 1 and 2 are placed into their respective variable sets (V ariableSet(1, 0) and

V ariableSet(2, 0)). Depth 1 corresponds to the immediate extension for nodes 1 and 2. Node
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1 has two hyperpaths of size 2. One to node 3, P (1, 1) and the other to node 4, P (1, 2). Node

2 can reach nodes 5 and 6 giving hyperpaths P (1, 3) and P (1, 4). At this step we can reach

variables W and B from X , and variables Z and A from Y , indicated by V ariableSet(1, 1) and

V ariableSet(2, 1). Since we do not have a common variable between both variable sets, we cannot

build a path.

Depth 2 corresponds to expanding the hyperpaths that reach nodes 3, 4, 5, 6. Hyperpath P (1, 1)

can reach node 7 allowing X to reach variable F . Hyperpath P (1, 2) tries to reach node 10, but this

hyperpath only contains variable B, whereas node 10 needs both F and B, hence P (2, 2) is not

included as an expanded path. Hyperpath P (1, 3) can be extended with 8, and hyperpath P (1, 4)

can be extended with node 9. At this point we have hyperpaths from the first argument reaching

variables W, B, F , and from the second argument reaching Z, A, C, F . Variable F can be reached

with hyperpaths starting at the nodes that define variables X and Y , so we must have a path. We

thus find that if we merge hyperpaths P (2, 1) and P (2, 4) we have our first path: 1, 3, 7, 9, 6, 2

(P (d, n1)− P (d, n2)).

Depth 3 allows one to expand a hyperpath. Hyperpath P (2, 1) can reach node 10 by merging

with hyperpath P (1, 2). This creates the hyperpath (P (3, 1)) which reaches variables X, W, F, B, D.

Hyperpath P (2, 3) is expanded to include node 11 but hyperpath P (2, 4) cannot be expanded

to include node 10 as it does not contain variable B required as an input variable for node 10.

Hence P (3, 3) is omitted. Now we have two new hyperpaths that can be combined between them-

selves and with older hyperpaths to generate new paths. Hyperpath P (3, 1) reaches variables

X, W, F, B, D. We can build a new path by connecting P (3, 1) with hyperpath P (3, 2), as they

both share variable B. P (3, 2) can also be connected to P (2, 4), as they both share F . Hyperpaths

P (3, 2) and P (1, 2) share variable B, so we can generate the new path P (3, 2) − P (1, 2). For

hyperpaths that are already a path, as they touch X and Y , we can further extend them by merging

them with other hyperpaths, obtaining non-minimal paths.
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Figure 6.6 Path finding pseudocode: Main routine.

1: procedure FINDPATHS(G, source, maxdepth)

2: expand := ∅; varbydepth := ∅; pathsFound := ∅

3: maxdepth := max(largest depth of all sources, maxdepth)

4: for all src ∈ Source do

5: expand := GETEXPANDLISTBYDEPTH(SRC, VARBYDEPTH, MAXDEPTH)

6: end for

7: for d = 1 : maxdepth do

8: for src1 = 0 : |Source| − 1 do

9: varSet1 := src1’s current depth’s var set in varbydepth or last depth available

10: for src2 = src1 + 1 : |Source| do

11: if src2 == src1||src1&&src2’s last depth <= current depth then continue

12: end if

13: varSet2 := src2’s current depth’s var set or last depth available
14: for all var ∈ varSet2 do . iterate through variables for intersection

15: if var ∈ varSet1 then

16: for all var that intersect do

17: pathsFound := permutation of nodes (var ∈ node) from diff depths

18: end for

19: end if

20: end for

21: end for

22: end for

23: end for

24: return pathsFound

25: end procedure
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Figure 6.7 Path finding pseudocode: Expanding list by depth.

1: procedure GETEXPANDLISTBYDEPTH(source, varbydepth, maxdepth)
2: expand := ∅ . Keep track of expand nodes for each depth

3: open := source

4: Add input and output variables of Source to varbydepth at depth 0

5: while open! = ∅ do

6: currNode := remove first element of open

7: for all child reachable from currNode do

8: if ivars of child is in V arbydepth of the previous depth then

9: Add ivars and ovars of child to varbydepth at current depth

10: open := child

11: if |ivars| of child > 1 then . if child has > 1 parents bound to each ivar

12: unbound := child’s parent node . put in bins according to bound var

13: if open’s 1st element > current depth then . all child’s parents found

14: expand := create permutations of hyperpaths to child

15: end if

16: else expand := child

17: end if

18: else . ivars of child not in V arbydepth of previous depth

19: unbound := child’s parent node

20: end if

21: end for

22: closed := child

23: end while

24: return expand . expanded nodes indexed by depth

25: end procedure
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Table 6.1 Comparison of the number and length of clauses for Aleph versus Path Finding

Folds Aleph Path Finding

# Of Clauses Avg ClauseLength # Of Clauses Avg ClauseLength

Theory 2 4.5 2 5

AI 3 3.7 2 5.5

Graphics 3 4 2 6

Languages 1 3 3 7

Systems 1 4 3 5.7

6.5 Experimental Evaluation

Paths can be used in a number of ways. One way is to use Richards and Mooney’s method to

perform search by generating a number of paths, and then refining them [128, 145]. Alternatively,

one can consider the paths found as a source of extra information that can be used to extend the

background knowledge (i.e., add paths as background knowledge). In this case, paths can be seen

as intensional definitions for new predicates in the background knowledge.

We used the UW-CSE dataset by Richardson and Domingos [129] for a first study of path find-

ing on a heavily relational dataset. The dataset concerns learning whether one entity is advised by

other entity based on real data from the University of Washington CS Department. The example

distribution are skewed as we have 113 positive examples versus 2711 negative examples. Follow-

ing the original authors, we divided the data into 5 folds, each one corresponding to a different

group in the CS Department. We perform learning in two ways for our control and experiment. In

the first approach, we used Aleph to generate a set of clauses. In the second approach, we used

path finding to find paths, which are treated as clauses. Further, we allow Aleph to decorate paths

with attributes by trying to refine each literal on each path.

We were interested in maximizing performance in the precision recall space. Thus, we ex-

tended Aleph to support scoring using the F-measure. The search space for this experiment is
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Table 6.2 Test Set Performance (results given as percentage)

Folds Aleph Path Finding

Recall Precision F-measure Recall Precision F-measure

Theory 38 27 32 81 11 19

AI 63 9 16 75 12 21

Graphics 85 46 60 95 20 33

Languages 22 100 36 33 100 50

Systems 87 8 15 82 9 16

relatively small, so we would expect standard Aleph search to find most paths. The two systems do

find different best clauses, as shown in Table 6.1 which show both number of clauses and average

clause length, including the head literal. Although most of the clauses found by Aleph are paths,

the path finding implementation does find longer paths that are not considered by Aleph and also

performs better on the training set.

Table 6.2 presents performance on the test set. This dataset is particularly hard as each fold is

very different from the other [129], thus performance on the training set may not carry to the testing

set. Both approaches perform similarly on the Theory fold. The AI fold is an example where both

approaches learn a common rule. Path Finding further finds an extra clause which performs very

well on the training set, but badly on the test data. On the other hand, the Languages fold is a

different example where both approaches initially found the same clause, but Path Finding goes

on to find two other clauses, which in this case resulted in better performance. We were surprised

that in both Graphics and Systems Path Finding found good relatively small clauses that were not

found by Aleph.

6.6 Chapter Summary

We have presented a novel algorithm for path finding in moded programs. Our approach takes

advantage of mode information to reduce the number of possible paths and generate only legal
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combinations of literals. Our algorithm is based on the idea that the saturated clause can be rep-

resented as a hypergraph, and the use of hyperpaths in this hypergraph to compose the final paths.

It is interesting that Path Finding has higher recall than Aleph despite learning longer clauses on

average as it is opposite from what one would expect.

This work was originally published in the Proceedings of the Sixteenth European Conference

on Machine Learning [107].
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Chapter 7

Conclusion

7.1 Modeling Gene Regulatory Pathways

We have reported the first experiment in learning Dynamic Bayesian networks as a means

of modeling time series gene expression microarray data, with the aim of gaining insights into

regulatory pathways. The prior structure and prior CPTs of our BN and DBN encode background

knowledge about gene expression in the organism being modeled, E. coli. The experiments provide

evidence that BN and DBN with an explicit model of operons are capable of identifying operons

in E. coli that are in a common regulatory pathway.

There are several directions for further research. First, a larger data set may improve the per-

formance of the approach and allow us to determine whether causality can be determined from

time series data. Nevertheless, potentially offsetting any such gain is the need to include additional

genes (observed variables) and operons (hidden variables) in the analysis. The present data set

used only 169 genes appearing in 142 operons. But the full E. coli genome has over 4000 genes,

and the predicted operon map has well over 1000 multigene operons.

A second, and perhaps more important, shortcoming of the present work is that computation

time did not permit a more encompassing search to be employed. Our full-search algorithm mod-

ifies incoming arcs to every hidden node. As the arcs coming into one hidden node are modified,

and the CPTs updated, this node may become a better parent for another node. A cascade of such

improvements could dramatically improve the fit of the model and hence, potentially, the match

of the model with the actual regulatory structure of the organism. Therefore, a crucial direction

for further work is to decrease the computation time of the learning algorithm. An approximate
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approach to updating CPTs and calculating scores based on local Markov blanket (the parents,

children, and children’s parents of a node) of operons where the structure changed might speed up

the learning process. Alternatively, increasing the efficiency of the implementation of the learning

algorithm by parallel execution on a Condor pool [93] can allow the full algorithm to be tested.

The faster implementation also will facilitate more extensive experimentation, including cross-

validation to estimate the accuracies of expression levels that the model predicts for various genes

at various time steps.

Third, we could include a variety of other variables, hidden or observed. Observed variables

might include environmental factors such as glucose, tryptophan or temperature. Unobserved vari-

ables might include transcription factors and other protein products. In the present work we omitted

these because we wanted to see the extent to which changes in the expression levels of a gene could

be predicted solely on the basis of changes to other genes, regardless of the environmental causes

of those changes.

7.2 Computational Model to Guide the Design of Time Series Experiments

The formal results of our theoretical analysis, on learning DBN structure from time series data,

imply the following. First, many short time series experiments are preferable to a single long time

series experiment. Second, given the number of time series experiments that can feasibly be run

with present-day costs, the number of parents per node in a DBN should be limited to at most three

per node, two if possible. Third, even with only two parents per node, the worst-case number of

examples required to guarantee a given level of accuracy with a given probability is cubic in the

number of variables n, and this number typically is in the thousands. If we are concerned with

gaining insight into—or accurate prediction of—only a small number m of the n variables, we can

reduce this term to n2m. This often is the case where we are interested in learning or refining a

model of a particular regulatory pathway, and we know most of the key players (genes).
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7.3 Scaling FOIL for Multi-Relational Data Mining of Large Datasets

We have presented preliminary methods towards enabling the ILP system FOIL to be applied to

multi-relational data mining tasks on large data sets. To deal with insufficient physical memory we

have employed relational database management systems. We have implemented FOIL-D, a system

that mimics the operation of FOIL but that performs the memory intensive FOIL operations using

SQL queries in a relational database. To deal with the slowness of FOIL on scoring, we have FOIL-

DH, an extension of FOIL-D that uses histograms to quickly estimate the gains of candidate literals

without performing expensive database join operations. We also showed how we use the estimation

procedure as a filter to select a small number of candidate literals whose gain we compute exactly.

Our experimental results show that while FOIL-DH dramatically reduces the numbers of joins it

sometimes fails to learn the correct theories on a set of standard ILP problems because of erroneous

estimates. If, however, we use the estimates as a filter, we are able to learn the same correct theories

as FOIL-D on the datasets we looked at while performing significantly fewer joins.

7.4 Inferring Regulatory Networks from Time Series Expression Data and Re-
lational Data via Inductive Logic Programming

We concentrated our experiments on learning the DNA damage checkpoint pathway as it is

an important pathway that have been implicated in cancer and aging, and because it has been

well studied. This pathway plays an important role by responding to single and double-stranded

DNA breaks, and is therefore often activated in stressful environments. Hence, it involves a lot of

signaling kinases that phosphorylates proteins that are already present within the cell or that only

require molecular amounts to trigger a response.

The results we obtained show that our method is quite good at learning important pathway

interactions and regulators despite the fact that the data may be noisy or incomplete. This fur-

ther emphasizes the utility of integrating different data types, since many potential interactions,

including those that were not evident from single data sources were identified.
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A possible next step will be to perform a comparison with DBNs. We could also explore

the larger network of genes that are connected with the core DNA damage checkpoint genes by

including more specific background knowledge. This set is likely to include known targets of Dun1

activation, and genes that coordinate the biological processes involved in cell division. It may also

include genes heretofore un-implicated in this process, and may provide good starting points for

future wet lab experimentation. With a larger search space, we are also interested in improving the

search for finding important protein-protein interactions. In the future, we also plan to study other

pathways and organisms, incorporate other sources of relational data including knockout data.

7.5 Mode Directed Pathfinding

We have presented a novel algorithm for path finding in moded logic programs. Our approach

takes advantage of mode information to reduce the number of possible paths and generate only

legal combinations of literals. Our algorithm is based on the idea that the saturated clause can be

represented as a hypergraph, and that hyperpaths can be used within this hypergraph to compose

the final paths.

Muggleton used a similar intuition in seed-based search. His idea is to use a heuristic to classify

clauses: a clause’s score depends both on coverage as well as the distance the literals in the clause

have to each entity [103]. In contrast, our approach is independent of scoring function.

Preliminary results on a medium-sized dataset showed that path finding allows one to consider

a number of interesting clauses that would not easily be considered by Aleph. On the other hand,

path finding does seem to generate longer clauses, which might be more vulnerable to overfitting.

To reduce chances of overfitting, we might try to further restrict the length of the paths gener-

ated. In future work we plan to apply this algorithm to larger biological datasets, to learn protein

interactions, where path finding is necessary to direct search.

A potentially fruitful research direction for refining pathways is to use a model that combines

statistical and relational learning methods. This would allow us to utilize the abundant infomation

available from many years of detailed research to infer new connections that cannot be learned

from any one source of data alone. Interpolation techniques that model the dynamics of time series
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data should also be used to detect global changes rather than just the changes between time steps

as this relies too much on an appropriate sampling rate. Also, by interpolating across time steps

and then sampling at a consistent rate across all experiments, we can alleviate the problem of

combining data with different time step intervals.

7.6 Last Words

This thesis has developed and utilized machine learning techniques for reverse engineering

gene regulatory networks from data. The problem of learning gene regulatory networks presents

significant challenges to a machine learning system. The models and algorithms presented in this

thesis represent substantial progress on this problem. Nonetheless, it is our hope that this work

will serve as a foundation for further advances.

The work of this thesis can also be view more abstractly as a set of techniques for applying

machine learning to problems characterized by (i) sequential data, (ii) heterogeneous data sources,

(iii) complex dependencies and (iv) significant uncertainty. We believe that the work presented

here will prove useful to researchers investigating problems which the above characteristics.
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