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Abstract

The growth of both size and complexity of learning problems in description logic

applications, such as the Semantic Web, requires fast and scalable description logic

learning algorithms. This thesis proposes such algorithms using several related ap-

proaches and compares them with existing algorithms. Particular measures used for

comparison include computation time and accuracy on a range of learning problems of

different sizes and complexities.

The first step is to use parallelisation inspired by the map-reduce framework. The

top-down learning approach, coupled with an implicit divide-and-conquer strategy, also

facilitates the discovery of solutions for a certain class of complex learning problems. A

reduction step aggregates the partial solutions and also provides additional flexibility

to customise learnt results.

A symmetric class expression learning algorithm produces separate definitions of

positive (true) examples and negative (false) examples (which can be computed in

parallel). By treating these two sets of definitions ‘symmetrically’, it is sometimes

possible to reduce the size of the search space significantly. The use of negative example

denotions enhances learning problems with exceptions, where the negative examples

(‘exceptions’) follow a few relatively simple patterns.

In general, correctness (true positives) and completeness (true negatives) of a learn-

ing algorithm are traded off against each other because these two criteria are normally

conflicting. Particular learning algorithms have an inherent bias towards either cor-

rectness or completeness. The use of negative definitions enables an approach (called

fortification in this thesis) to improve predictive correctness by applying an appropriate

level of over-specialisation to the prediction model, while avoiding over-fitting.

The experiments presented in the thesis show that these algorithms have the po-

tential to improve both the computation time and predictive accuracy of description

logic learning when compared to existing algorithms.

vii



viii



Contents

Acknowledgement v

Abstract vii

List of Figures xiii

List of Tables xv

1 Introduction 1

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Scope of Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.4 Aims and Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.5 Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 Preliminaries and Related Work 13

2.1 Description Logics and Web Ontology Language . . . . . . . . . . . . . 13

2.1.1 Description logic languages . . . . . . . . . . . . . . . . . . . . . 13

2.1.2 Description logic knowledge bases . . . . . . . . . . . . . . . . . 17

2.1.3 The Web Ontology Language (OWL) . . . . . . . . . . . . . . . 23

2.2 Description Logic and OWL Learning . . . . . . . . . . . . . . . . . . . 26

2.2.1 Description logic learning problem . . . . . . . . . . . . . . . . . 26

2.2.2 Basic approaches in DL learning . . . . . . . . . . . . . . . . . . 29

2.3 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.3.1 Description logic learning . . . . . . . . . . . . . . . . . . . . . . 32

ix



CONTENTS

2.3.2 Parallel description logic learning . . . . . . . . . . . . . . . . . . 34

2.3.3 Numerical data learning in description logics . . . . . . . . . . . 35

2.3.4 Class Expression Learner for Ontology Engineering (CELOE) . . 36

3 Evaluation Methodology 39

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2.1 Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2.2 Learning time . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2.3 Definition length . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.2.4 Search space size . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.3 Experimental Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.3.1 Experimental framework . . . . . . . . . . . . . . . . . . . . . . . 42

3.3.2 Comparison algorithms . . . . . . . . . . . . . . . . . . . . . . . 48

3.3.3 Evaluation Datasets . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.4 Implementation and Running the Code . . . . . . . . . . . . . . . . . . 58

4 Adaptive Numerical Data Segmentation 61

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.3 Description of Our Method . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.4 The Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.5 Evaluation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.5.1 Segmentation result . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.5.2 Experimental results on the accuracy . . . . . . . . . . . . . . . . 71

4.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5 Parallel Class Expression Learning 77

5.1 Parallelisation for Class Expression Learning . . . . . . . . . . . . . . . 77

5.2 Description of Our Method . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.3 The Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.4 Evaluation Result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

x



CONTENTS

5.4.1 Experiment 1 - Comparison between ParCEL and CELOE . . . 89

5.4.2 Experiment 2 - Effect of parallelisation on learning speed . . . . 96

5.4.3 Experiment 3 - Definition reduction strategy . . . . . . . . . . . 98

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

6 Symmetric Class Expression Learning 103

6.1 Exceptions in Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

6.2 Symmetric Class Expression Learning . . . . . . . . . . . . . . . . . . . 106

6.2.1 Overview of our method . . . . . . . . . . . . . . . . . . . . . . . 106

6.2.2 Description of our method . . . . . . . . . . . . . . . . . . . . . . 108

6.2.3 The algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

6.2.4 Counter-partial definitions combination strategies . . . . . . . . . 116

6.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

6.3.1 Experiment 1 - Combination strategies comparison . . . . . . . . 119

6.3.2 Experiment 2 - Search tree size comparison . . . . . . . . . . . . 122

6.3.3 Experiment 3 - Predictive accuracy and learning time . . . . . . 124

6.3.4 Experiment 4 - The learnt definitions . . . . . . . . . . . . . . . 128

6.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

7 Improving Predictive Correctness by Fortification 135

7.1 Problem Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

7.2 Fortification Candidates Generation . . . . . . . . . . . . . . . . . . . . 140

7.3 Fortification Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

7.3.1 Fortification candidates scoring . . . . . . . . . . . . . . . . . . . 143

7.3.1.1 Training coverage scoring . . . . . . . . . . . . . . . . . 144

7.3.1.2 Fortification concept similarity scoring . . . . . . . . . . 145

7.3.1.3 Fortification validation scoring . . . . . . . . . . . . . . 157

7.3.1.4 Random score . . . . . . . . . . . . . . . . . . . . . . . 160

7.3.2 Fortification cut-off point computation . . . . . . . . . . . . . . . 160

7.4 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

7.4.1 Fortification evaluation methodology . . . . . . . . . . . . . . . . 161

7.4.2 Experimental results . . . . . . . . . . . . . . . . . . . . . . . . . 162

xi



CONTENTS

7.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

8 Conclusions and Future Work 181

8.1 Discussion and Contributions of the Thesis . . . . . . . . . . . . . . . . 181

8.2 Threats to Validity of the Results . . . . . . . . . . . . . . . . . . . . . . 184

8.2.1 Threats to internal validity . . . . . . . . . . . . . . . . . . . . . 184

8.2.2 Threats to external validity . . . . . . . . . . . . . . . . . . . . . 186

8.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187

A Accessing the Implementation 191

A.1 Software Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191

A.1.1 DL-Learner architecture . . . . . . . . . . . . . . . . . . . . . . . 191

A.1.2 Our algorithms packages . . . . . . . . . . . . . . . . . . . . . . . 192

A.2 Checking Out and Compiling Code . . . . . . . . . . . . . . . . . . . . . 193

A.2.1 Checking out the project . . . . . . . . . . . . . . . . . . . . . . 194

A.2.2 Compiling code . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195

B Reproducing the Experimental Results 197

B.1 System Requirements . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197

B.2 Running the Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . 198

B.2.1 Syntax . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 198

B.2.2 Learning configuration file naming conventions . . . . . . . . . . 199

B.3 Learning Configuration . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199

B.4 Test Cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202

C List of Publications 211

Glossary 213

References 217

xii



List of Figures

1.1 A typical search tree produced by a top-down learning approach for the

Tweety problem. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1 An example of the top-down approach in DL learning . . . . . . . . . . 31

2.2 An example of the bottom-up approach in DL learning . . . . . . . . . . 32

3.1 Data partition for a 10-fold cross-validation . . . . . . . . . . . . . . . . 44

3.2 An example of the inconsistency in parallel learning . . . . . . . . . . . 45

3.3 Termination of learning algorithms . . . . . . . . . . . . . . . . . . . . . 48

3.4 The MUSE dataset ontology visualised in Protege . . . . . . . . . . . . 55

3.5 RDF graph of an activity in the MUSE dataset . . . . . . . . . . . . . . 56

3.6 The concept hierarchy of the MUBus dataset visualised in Protege . . . 57

4.1 Specialisation of numeric datatype properties. . . . . . . . . . . . . . . . 63

4.2 Segmentation of numeric datatype properties . . . . . . . . . . . . . . . 64

4.3 Inappropriate segmentation of the data property values prevents the spe-

cialisation of an overly general expression . . . . . . . . . . . . . . . . . 64

4.4 A relation graph between examples and numeric values . . . . . . . . . . 66

4.5 Segmentation of data property values . . . . . . . . . . . . . . . . . . . . 67

4.6 Segmentation of the data property values in Figure 4.3 . . . . . . . . . . 67

5.1 The specialisation using a downward refinement operator . . . . . . . . 81

5.2 Parallel exploration of the search tree using two workers . . . . . . . . . 83

5.3 Reducer-Worker interaction. . . . . . . . . . . . . . . . . . . . . . . . . . 84

xiii



LIST OF FIGURES

5.4 Accuracy against learning time of CELOE and ParCEL on the Carcino-

Genesis dataset using different number of workers. . . . . . . . . . . . . 96

5.5 Accuracy against learning time of CELOE and ParCEL on the UCA1

dataset using different number of workers. . . . . . . . . . . . . . . . . . 97

5.6 Speed-up efficiency of ParCEL on the UCA1 dataset. . . . . . . . . . . . 98

6.1 Exception patterns in learning . . . . . . . . . . . . . . . . . . . . . . . 105

6.2 Different approaches to learning the definition for the extended Tweety

learning problem. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

6.3 The top-down learning step aims to find both partial definitions and

counter-partial definitions . . . . . . . . . . . . . . . . . . . . . . . . . . 111

6.4 Top-down learning in SPaCEL with multiple workers. . . . . . . . . . . 112

7.1 The creation of a prediction model for a learning problem . . . . . . . . 137

7.2 A prediction scenario of the prediction model in Figure 7.1 . . . . . . . 138

7.3 Decrease of predictive accuracy caused by inappropriate fortification. . . 139

7.4 Fortification candidates learning . . . . . . . . . . . . . . . . . . . . . . 141

7.5 Family concepts hierarchy. . . . . . . . . . . . . . . . . . . . . . . . . . . 150

A.1 DL-Learner architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . 193

B.1 Check required softwares in the system including JDK, Subversion and

Maven. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 206

B.2 Install required softwares for compilation the project: JDK, Subversion

and Maven . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 206

B.3 Check out the project from the repository . . . . . . . . . . . . . . . . . 207

B.4 Compile the DL-Leaner and ParCEL core components project. . . . . . 207

B.5 Compile the interface project. . . . . . . . . . . . . . . . . . . . . . . . . 207

B.6 Compile the ParCEL CLI project. . . . . . . . . . . . . . . . . . . . . . 207

B.7 Command line to learn the Forte-Uncle dataset using CELOE . . . . . . 208

B.8 Command line to learn the Forte-Uncle dataset using ParCEL . . . . . . 208

B.9 Command line to learn the Forte-Uncle dataset using SPaCEL . . . . . 209

xiv



List of Tables

2.1 Basic concept constructors in description logics . . . . . . . . . . . . . . 15

2.2 Letters used to name description logic languages. . . . . . . . . . . . . . 16

2.3 The semantics of basic concept constructors in description logics. . . . . 18

2.4 DLs notations and OWL notations . . . . . . . . . . . . . . . . . . . . . 24

2.5 OWL constructors and the corresponding constructors in DLs . . . . . . 25

3.1 Size and complexity of the evaluation datasets . . . . . . . . . . . . . . 51

3.2 Properties of the evaluation datasets . . . . . . . . . . . . . . . . . . . . 52

4.1 Reduction of numeric data properties values resulting from the adaptive

segmentation strategy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.2 Training and predictive accuracies of CELOE on the ILDP dataset using

for the two segmentation strategies. . . . . . . . . . . . . . . . . . . . . . 72

4.3 Training and predictive accuracies of ParCEL on the ILDP dataset using

for the two segmentation strategies. . . . . . . . . . . . . . . . . . . . . . 73

4.4 Predictive accuracy of CELOE and ParCEL on the UCA1 dataset using

for the two segmentation strategies. . . . . . . . . . . . . . . . . . . . . . 74

5.1 ParCEL and CELOE experimental results. . . . . . . . . . . . . . . . . 90

5.2 Balanced accuracy of CELOE and ParCEL on unbalanced datasets. . . 94

5.3 ParCEL and CELOE experimental results with one worker. . . . . . . . 95

5.4 Speed-up of ParCEL on the UCA1 dataset . . . . . . . . . . . . . . . . . 98

5.5 Definition length comparison between three reduction strategies . . . . . 99

6.1 Basic description learning algorithms and their usage of examples. . . . 108

xv



LIST OF TABLES

6.2 SPaCEL experimental result – Combination strategies . . . . . . . . . . 119

6.3 SPaCEL experimental results – The search tree size . . . . . . . . . . . 123

6.4 SPaCEL experimental result – Learning time and predictive accuracy . 124

6.5 Balanced predictive accuracy of unbalanced datasets . . . . . . . . . . . 127

6.6 SPaCEL experimental result – Definition length of the learning problem 128

7.1 Fortification experimental result with CELOE . . . . . . . . . . . . . . . 166

7.2 Fortification experimental result on ParCEL . . . . . . . . . . . . . . . . 170

7.3 Fortification experimental result with SPaCEL . . . . . . . . . . . . . . 173

7.4 Experimental results for new cut-off points . . . . . . . . . . . . . . . . 178

B.1 Common components in DL-Learner framework and their parameters . 200

B.2 Actions and expected result of the test case. . . . . . . . . . . . . . . . . 204

xvi


