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With enormous amounts of information injected into the Internet every second,

manual maintenance of the knowledge base on the Internet is hopeless. A reasonable

remedy for this problem is to create a “machine understandable”  Internet. To achieve this

purpose, Heflin et al. propose an HTML-based knowledge representation language called

Simple HTML Ontology Extension (SHOE). SHOE can be used in many application

domains, but it requires humans to manually annotate the web pages. This approach has

many obvious weaknesses. For example, SHOE is of no use when web page authors do

not annotate their pages and SHOE presupposes a universal ontology. To overcome the

shortages of SHOE, we created a machine learning framework called AutoSHOE for

automatically annotating web pages with SHOE annotations. With this framework, users

can easily collect SHOE-annotated pages as training data, experiment with different

feature selection methods and learning algorithms to find the best approach for learning a

particular ontology, and automatically annotate new web pages with classifiers and rule

sets. As a middleware between end users and machine learning systems, AutoSHOE is

highly extensible, sharable and customizable. It provides a user-friendly interface that

allows users to collect training data and train learners to learn any ontology interactively.
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In addition, it allows new feature selectors and learners to be easily plugged into the

system and run anywhere through the web.

We use this framework to learn rules for the computer science department

ontology (cs-depart-ontology). We first used AutoSHOE to collect SHOE-annotated web

pages from four universities as training data. Then we plugged in three different learning

systems into AutoSHOE. Our preliminary experimental results indicate that a very

accurate classifier can be obtained by training a naïve Bayes algorithm with a set of

words extracted from HTML text and pruned by removing the terms that occur in six or

fewer documents. In addition, our rule learner produces two rules to deduce the relations

subOrganzation and teacherOf.  We then used our classifier and rule sets to annotate the

web pages of the Computer Science Department at the University of Nebraska-Lincoln.
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Chapter 1 Introduction

1.1 Motivation

The World Wide Web is growing at an exponential rate, but without proper

knowledge classification and maintenance, users will eventually be lost in the jungle of

information. Currently, we still depend heavily on human beings to classify and maintain

the web knowledge base. For example, it is well known that Yahoo! spends millions of

dollars each year to hire people just to classify web sites.  On the other hand, computers

are becoming more and more powerful; a normal workstation can retrieve over 350

million web pages every day. Unfortunately however, it can “understand”  none of them.

This is mainly because HTML is designed primarily for displaying data in a way that

humans can read but it has no processing power.

With enormous amounts of information injected into the Internet every second,

manual maintenance of the Internet knowledge base is hopeless. We wish to create an

intelligent agent that can wander the web on its own, reading and comprehending web

pages as it goes. Unfortunately, intelligent agents aren't human. Even with state-of-the-art

natural language understanding technology, getting a computer to read and understand

web documents is very difficult, if not impossible. In order to help an intelligent agent to

“understand”  the knowledge on web pages, Heflin et al. proposed an HTML-based

knowledge representation language called Simple HTML Ontology Extension (SHOE)

[1]. SHOE is a small extension to HTML. It allows web page authors to annotate their

web documents with respect to one or more predefine ontologies. An ontology defines
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the categories (or classes) and the relations between the categories. A web page can

subscribe to one or more ontologies, declare data categories, and make assertions about

those categories under the rules pre-defined by the ontologies. SHOE makes intelligent

agent software on the web possible. We will provide further details of SHOE in Section

2.2.

As a first step for creating a machine-understandable Internet, SHOE is useful in

many ways [2,3]. However, SHOE requires humans to manually annotate the web pages.

This approach is tedious and labor intensive. It also has many obvious weaknesses:

·  SHOE is of no use if web page authors do not annotate their pages with SHOE. Even

though SHOE’s authors provide a knowledge annotator [4] that allows the users to

annotate web sites easily, it is impractical to require all web page authors to annotate

their pages.

·  The information provided by the SHOE annotation totally depends on the ontology

that the web page author used. In many cases the ontology used to describe a given

web page does not contain the information we want to extract. For example, a student

may describe that he is a football fan on his web page. However, if he only annotates

his web page using the university ontology, then when we try to extract the

information about sport fans from his web page, we won’ t get any useful information.

·  The information on the web is dynamic and HTML documents are updated

frequently. If the web page author updates the HTML document and forgets to update

the SHOE annotation, then the knowledge provided by the SHOE annotation will be

inconsistent with that provided by the HTML document.
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To overcome these problems, we propose automatic annotation of web pages with

machine learning techniques. Machine learning is a computer program that can improve

the performance on a task as it learns from experiments. Machine learning techniques

have proven to be of great practical value in many application domains such as speech

recognition, automatic driving and data mining.  In the past few years, several general-

purpose machine learning systems have been built.  So, in this thesis, we do not present

yet another technique. Rather, this thesis attempts to unify the approaches encountered so

far and use them for SHOE’s ontology learning. In this thesis, we create a framework

called AutoSHOE, which integrates many existing machine learning systems in a

seamless way. With this framework, the users can easily collect SHOE-annotated pages

as training data, experiment with different feature selection methods and learning

algorithms to find the best approach for learning a particular ontology, and automatically

annotate new web pages with SHOE’s tags.

1.2 Special Features of AutoSHOE Framework

We claim that AutoSHOE is not a simple software package but rather a machine

learning framework since AutoSHOE has the following special features:

·  It is middleware: As mentioned before, there are currently several general-purpose

machine learning systems that have already been built. However, they usually require

users to have machine learning background knowledge. In addition, these learning

systems require different input formats and run on different platforms. For example,

some learners such as ID3 [12,17] require that the training data be represented in

attribute-value pairs, while other learners such as FOIL [5,6] require that the training
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data be represented like Prolog clauses. Therefore, even knowledgeable users will

need some time to become familiar with all these learning systems.

On the other hand, SHOE’s design is independent of any machine learning

techniques. General-purpose learning algorithms cannot take the SHOE-annotated

documents as training data without proper data preprocessing, feature selection, and

format translation.

As a middleware component between the end users and the learning systems,

AutoSHOE hides the complex details of the learning systems. It provides a uniform

and friendly user interface so that the AutoSHOE users can use the system without

knowing the sophisticated machine learning techniques. In addition, AutoSHOE hides

the background knowledge of SHOE from the learning systems. It provides a

standard learner control protocol (Section 4.5.2) to communicate with different

learning systems so that the learners can run without knowing SHOE’s ontology and

annotation.

·  It is highly extendable: AutoSHOE doesn’ t have a pre-defined system boundary. The

training data, learners, and feature selectors can be located anywhere so long as they

are accessible via the web. New learners and feature selectors can be plugged into the

framework by simply filling out an online registration form (Section 4.5.2).

·  It is highly shareable. Even though the details of learning are hidden from the user,

training a learner to learn an ontology can be time-consuming. It requires AutoSHOE

to grab a large amount of labeled training data, select the features from raw data,

translate them into the format that learners can understand, and train the learners. It

also requires a human to try many different feature selection methods and learning
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algorithms to find the best approach to learn the ontology. However, once training is

finished, annotating new pages is relatively easy and cheap. In order to share the

information among the AutoSHOE users, the training data, feature selectors, learners,

intermediate processing results, trained classifiers and learned rule sets are stored in

the database and can be accessed through the Internet.

·  It is highly customizable: AutoSHOE is a database driven system. The interfaces to

the external entities, such as AutoSHOE users and machine learning systems, can be

customized according to different requirements. AutoSHOE makes it easy to

customize the user interface, the data output format, and even the communication

protocol with different learners.

·  It is online and interactive. Getting labeled training data can be expensive since

human intervention is required. The accuracy of annotation will be poor when the

training data are not sufficient to get a good classifier. In order to accumulate more

labeled training data, AutoSHOE can run in an online interactive model, i.e. the users

first submit a small amount of training data and AutoSHOE learns from this primary

set and annotates more pages. Then a human verifies the annotations. These new

automatically annotated pages can then be added as new training data for further use.

1.3 The Experiments

As a proof of concept, we used this framework to set up an experiment to learn

the Computer Science Department Ontology (cs-depart-ontology), as defined by Heflin

[7]. We first used our framework to collect the SHOE-annotated web pages from four

universities (University of Maryland at College Park, Washington University, University

Texas at Austin, and University of Wisconsin, Madison) as training data. Then we
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“plugged in”  three different learning systems: Rainbow [8], MLC++ [9] and FOIL6 [6].

Rainbow is a software package that performs statistical text classification. It classifies the

text using a learning algorithm such as naive Bayes [12] Expectation-Maximization [12],

etc. MLC++ is a machine learning C++ library that provides many commonly used

machine-learning algorithms, such as C4.5 [18], ID3 [17], Instance-based learning [12]

and naïve-Bayes. FOIL6 is a rule learning system that produces first-order clauses from

relational data.

In order to learn the categorization rules of the cs-depart-ontology, we first

applied several HTML and text feature selection methods to pre-process the raw data

(Section 4.4). Then we used Rainbow’s naive Bayes algorithm and MLC++’s

implementation of ID3 algorithm, and k-nearest-neighbor algorithm to find a good

classifier to classify the web pages according to the categories defined by cs-depart-

ontology. Preliminary experiment results show that a very accurate classifier can be

produced by extracting the body text from the HTML, then using the text feature selector

to prune out the terms that occur in fewer than six documents, then using the rest of the

text to train the naive Bayes algorithm.

In order to learn the relation rules of the cs-depart-ontology, we first parse the

hyperlinks among the web pages, then use FOIL to learn the relation rules

teacherOf(Page,Page) and subOrganziation(Page,Page).

At the end of this thesis, we use the trained classifier and learned rules sets to

automatically annotate the web pages of the Computer Science Department at the

University of Nebraska – Lincoln.
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1.4 How This Thesis is Organized

This thesis consists of six chapters. Chapter 2 will introduce some background

knowledge about web ontology, SHOE, machine learning and web knowledge-based

systems. In Chapter 3, we will introduce the machine learning approaches for learning

SHOE’s ontology. In Chapter 4, we will first describe the overall framework design and

then present the detailed design of each component in the system. In Chapter 5, we will

show how to use this framework to learn an ontology step by step. We will also present a

case study using AutoSHOE to learn the ontology of the computer science department

(cs-depart-ontology). Finally, we will conclude the thesis and describe future work in

Chapter 6.
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Chapter 2 Literature Review

We start this chapter by defining web page ontologies. Then we will talk about

SHOE and how to use it to define an ontology and annotate a web page. After that, we

will introduce basic concepts of machine learning techniques. At the end of this chapter,

we will describe some other research projects that are related to web-based knowledge

mining.

2.1 Web Page Ontology

In order to let a computer “understand”  the semantic meaning of web pages, we

need a structured way to represent knowledge in the web pages. One of the most

commonly used approaches is to represent the knowledge using a web page ontology

[10]. An ontology specifies the categories (or classes) and relations of interest. The

ontology defines a hierarchy of categories and relations in which the category is involved.

A relation can be used to describe the relationship between two categories, or the

relationship between a category and a constant data, (this kind of relation is also called an

attribute or a feature of the category).  A web page is an instance of a particular ontology

if it belongs to one of the categories in this ontology.

Figure 2-1 is a simple university ontology. At the top of this diagram is the

definition of the ontology. From the diagram, we can see that the categories are organized

in a hierarchy. Each category has some relations. Some relations describe the relationship

between this category and other constant data. For example the Person category has the

relation Age.Of. Some relations describe the relationship between two categories; for
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example, the Faculty category has the relation Teacher.Of, which describes the

relationship between a Faculty category and a Course category. At the bottom of the

diagram are the instances of the University ontology. A web page that belongs to a

particular category will have all the relations of this category. For example, a web page,

which is an instance of the category Faculty, would have the relation Teacher.Of etc. A

category can also inherit the relations from its super category, thus the category Faculty

will also have the relation Age.Of , inherited from category Person.

Figure 2-1: A Simple University Ontology

Department
Members.Of.Dept

Student
Courses.TAed.By:

Faculty
advisorOf

publicationOf
members.of. Depart

Person
Department.Of:

Projects.Of:
Age.Of

Research.Project
Members.Of.Proj

PIs.Of:

Course
Instructors.Of:

TAs.Of:

Activity Other

U.Entity
Name:

Home.Page:

Ontology

Scott’s Home page
Student:
QingFeng Lin
…
Teach
Fall 1999: CSCE 496/896 Machine
Learning

QingFeng Lin’s
Home page
I am a graduate
student.
My graduate
advisor is Dr. Scott
…

...
CSCE 496 Home page
...
Office Hour
Slide

class: Student Class: Faculty
Relation:
teacherOf:

Class: course

Instances

Web Pages
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2.2 Simple HTML Ontology Extension (SHOE)

In order to describe an ontology in a way that a computer can understand, Heflin et

al. proposed an HTML-based knowledge representation language called Simple HTML

Ontology Extension (SHOE) [2]. SHOE is a superset of HTML, which adds the tags

necessary to embed semantic data into web pages. SHOE tags can be divided into three

parts: ontology construction tags, web documents annotation tags and inference tags.

Here we only introduce the first two parts since currently AutoSHOE doesn’ t use the tags

for inference.

2.2.1 Ontology Construction Tags

Ontology Construction Tags are the tags that are used to define categorization

rules and relation rules. Categorization rules describe the categories that the web page

can fall into, and relation rules describe the relationships between two web pages or

other constant data like numbers or dates. The following example illustrates the use of

SHOE’s tag to construct an ontology of the computer science department. In this

example, the following facts are described:

·  departments and research groups are organizations,

·  faculties, assistants, and administrative staffs are workers,

·  workers and students are people,

·  postdocs, lecturers, and professors are  faculties and

·  graduate students and undergraduate students are students.

We can describe the facts above using SHOE’s construction tags as shown Figure

2-1
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<! - - Her e we i ndi cat e t hat  t hi s document  i s  conf or mant  wi t h SHOE 1. 0 - - >

 <META HTTP- EQUI V=" SHOE"  CONTENT=" VERSI ON=1. 0" >
 <TI TLE> Our  CS Ont ol ogy </ TI TLE>
 </ HEAD>
 <BODY>

 <! - -  Her e we decl ar e t he ont ol ogy' s name and ver s i on - - >

 <ONTOLOGY I D=" cs- dept - ont ol ogy"  VERSI ON=" 1. 0" >

 <! - -  Her e we decl ar e t hat  we' r e bor r owi ng f r om anot her  ont ol ogy - - >
 <USE- ONTOLOGY I D=" base- ont ol ogy"  VERSI ON=" 1. 0"  PREFI X=" base"
URL=" ht t p: / / www. cs. umd. edu/ pr oj ect s/ pl us/ SHOE/ base. ht ml " >

 <! - -  Her e we l ay out  our  cat egor y hi er ar chy - - >

<DEF- CATEGORY NAME=" Or gani zat i on"  I SA=" base. SHOECat egor y" >
<DEF- CATEGORY NAME=" Per son"  I SA=" base. SHOECat egor y" >
<DEF- CATEGORY NAME=" Resear chGr oup"  I SA=" Or gani zat i on" >
<DEF- CATEGORY NAME=" Depar t ment "  I SA=" Or gani zat i on" >
<DEF- CATEGORY NAME=" Facul t y"  I SA=" Wor ker " >
<DEF- CATEGORY NAME=" Assi st ant "  I SA=" Wor ker " >
<DEF- CATEGORY NAME=" St udent "  I SA=" Per son" >
<DEF- CATEGORY NAME=" Post Doc"  I SA=" Facul t y" >
<DEF- CATEGORY NAME=" Lect ur er "  I SA=" Facul t y" >
<DEF- CATEGORY NAME=" Pr of essor "  I SA=" Facul t y" >
<DEF- CATEGORY NAME=" Gr aduat eSt udent "  I SA=" St udent " >
<DEF- CATEGORY NAME=" Under gr aduat eSt udent "  I SA=" St udent " >

Figure 2-1: Defining Categor ization Rules using SHOE’s Construction Tags

Now, let's add some simple relationships between elements of different

categories.

·  An advisor advises students,

·  faculty teaches courses,

·  organizations have members,

·  a student’s age is a number, and

·  everything can have a name which is a str ing.

Figure 2-3 illustrates how to represent these relations in SHOE
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<! - -  And now we l ay out  our  r el at i onshi ps bet ween cat egor i es - - >

 <DEF- RELATI ON NAME=" advi sor Of " >
     <DEF- ARG POS=" 1"  TYPE=" St udent " >
     <DEF- ARG POS=" 2"  TYPE=" Pr of essor " >
 </ DEF- RELATI ON>
<DEF- RELATI ON NAME=" t eacher Of " >
     <DEF- ARG POS=" 1"  TYPE=" Facul t y" >
     <DEF- ARG POS=" 2"  TYPE=" Cour se" >
 </ DEF- RELATI ON>
 <DEF- RELATI ON NAME=" member Of " >
     <DEF- ARG POS=" 1"  TYPE=" Or gani zat i on" >
     <DEF- ARG POS=" 2"  TYPE=" Per son" >
 </ DEF- RELATI ON>

 <! - -  Last l y ,  we l ay out  our  ot her  r el at i onshi ps - - >

<DEF- RELATI ON NAME=" age" >
     <DEF- ARG POS=" 1"  TYPE=" Per son" >
     <DEF- ARG POS=" 2"  TYPE=" . NUMBER" >
 </ DEF- RELATI ON>
 <DEF- RELATI ON NAME=" name" >
     <DEF- ARG POS=" 1"  TYPE=" base. SHOECat egor y" >
     <DEF- ARG POS=" 2"  TYPE=" . STRI NG" >
 </ DEF- RELATI ON>
 </ ONTOLOGY>

Figure 2-2: Defining Relation Rules using SHOE’s Construction Tags

2.2.2 Web Page Annotation Tags

Web Page Annotation Tags describe the ontology to which a web page belongs. It

declares data categories and makes assertions about those categories under the rules pre-

defined by the ontology. For example, Figure 2-1 is a very simple HTML document that

describes a person whose name is QingFeng Lin and who is a graduate student. He is 26

years old and his advisor is Dr. Scott, whose web page is http://www.cs.unl.edu/~sscott.
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<HTML>
<HEAD>
<TI TLE> Qi ng Feng Li n’ s home page</ TI TLE>
</ HEAD>
<BODY>
<P> Hi ,  t hi s i s  Qi ngFeng Li n’ s web page.
    I  am a gr aduat e st udent  and a r esear ch assi st ant .
<P> Al so,  I ©m 26 year s ol d.
<P> Her e i s  a poi nt er  t o my <A
  HREF=" ht t p: / / www. cs. unl . edu/ ~sscot t " > gr aduat e advi sor ,  Dr .  Scot t </ A>
<P>
</ BODY>
</ HTML>

Figure 2-1: A Example of Web Page

We can now annotate the web page of Figure 2-4, as shown in Figure 2-2.

<! - - SHOE use an i nst ance key t o uni que i dent i f y  one i nst ance- - >
<I NSTANCE KEY=" ht t p: / / www. cs. unl . edu/ ~qf l i n" >

<! - -  Tel l  t he agent  whi ch ont ol ogy we©r e usi ng t o st r uct ur e t hose
f act s- - - >
<USE- ONTOLOGY I D=" cs- dept - ont ol ogy"
URL=" ht t p: / / www. cs. umd. edu/ pr oj ect s/ pl us/ SHOE/ ont s/ cs. ht ml "
VERSI ON=" 1. 0"  PREFI X=" cs" >
<! - -  cat egor i ze t he i nst ance we©r e decl ar i ng on t hi s web page - - >

<CATEGORY NAME=" cs. Gr aduat eSt udent "  f or =” ht t p: / / www. cs. unl . edu/ ~qf l i n” >
<CATEGORY NAME=" cs. Resear chAssi st ant "
f or =” ht t p: / / www. cs. unl . edu/ ~qf l i n>
<! —t el l  web r obot s about  r el at i onshi ps - - >
<RELATI ON NAME=" cs. name" >

<ARG POS=FROM VALUE=ht t p: / / www. cs. unl . edu/ ~qf l i n>
<ARG POS=TO VALUE=" Qi ngFeng Li n" >
</ RELATI ON>
<RELATI ON NAME=" cs. age" >
<ARG POS=FROM VALUE=ht t p: / / www. cs. unl . edu/ ~qf l i n>
<ARG POS=TO VALUE=" 26" > </ RELATI ON>
<RELATI ON NAME=" cs. advi sor " >

<ARG POS=FROM VALUE=ht t p: / / www. cs. unl . edu/ ~qf l i n>
<ARG POS=TO VALUE=" ht t p: / / www. cs. unl . edu/ ~sscot t " >
</ RELATI ON>

Figure 2-2: An Example of a SHOE-Annotated Web Page

The above examples illustrate the basic ideas of SHOE. SHOE also defines the

inference tags that can be used to discover implicit knowledge via deductive inference.

More detailed specification is available on the SHOE home page [11].
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2.3 Introduction of Machine Learning Techniques

2.3.1 What is Machine Learning

The approach used in this thesis for automatically annotating pages is called

machine learning. Machine learning techniques have proven to be of great practical value

in a variety of application domains. They are especially useful in data mining and in

poorly understood domains where humans might not have the knowledge needed to

develop effective algorithms. According to Tom Mitchell, “A computer program is said

to learn from experiments E with respect to some class of tasks T and performance

measure P, if its performance at tasks in T, as measured by P, improves with experiments

E”  [12]. This definition states that a well-defined learning problem requires a well-

specified task, performance metric, and source of training experiments. Designing a

machine learning approach involves several design choices, including the type of training

experiments, the function to be learned, a representation for this function, and an

algorithm for learning the target function from training examples.

2.3.2 Machine Learning Terminology

In this section, we define some machine learning terms that will be used in this

thesis.

Learning system: The software package that implements learning algorithms. For

example, Rainbow, MLC++ and FOIL6 are learning systems.

Learning algorithm or learner: The algorithm that does the learning. ID3, naive-Baye,

and FOIL are learning algorithms or learners.
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Attribute or feature: A variable that takes a value from a pre-defined domain. Examples

of attributes are sex (male or female), color (red, green or blue), and temperature (real

number).

Instance: A list of attribute values. An instance is associated with an attribute schema,

which defines the names and domains of the attributes. A labeled instance is an instance

augmented with a special attribute, called label or category.

Dataset: A set of labeled instances, all associated with the same attribute schema. A

training set is a dataset on which a learning algorithm is trained. A test set is a dataset on

which a learning algorithm is tested.

Classifier or categorizer: A function that maps an unlabelled instance to a label. A

induction algorithm induces a classifier from a training set.

2.4 Other Web Knowledge Mining Research Projects

Today more and more research focuses on web-based data mining. Several research

groups have been actively searching the ways to build the machine-understandable

Internet. Here we briefly introduce two research projects that are related to the web-based

knowledge mining: One is the World Wide Knowledge Base (Web->KB) project from

Carnegie Mellon University [13], another is the WebKB set of tools project from Griffith

University, School of Information Technology, Australia [14].
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2.4.1 World Wide Knowledge Base (Web È KB) Project

The goal of the WebÈ KB project is to “develop a probabilistic, symbolic

knowledge base that mirrors the content of the World Wide Web. If successful, this will

make text information on the web available in computer-understandable form, enabling

much more sophisticated information retrieval and problem solving”  [13]. The

researchers of this project are developing a system that can be trained to extract symbolic

knowledge from hypertext, using a variety of machine learning methods. WebÈ KB is

regarded as a success in applying sophisticated machine learning techniques to web data

mining. Currently, however, the system lacks of the means to store, organize and retrieve

the training data and trained classifiers. Thus, when users try to use the machine learning

techniques on other ontologies, they still have to collect and label the data manually and

understand the sophisticated machine learning techniques in order to set up their new

training experiments.

2.4.2 WebKB Set of Tools (WebKB) Project

The WebKB set of tools (WebKB) allows users to store, organize and retrieve

knowledge or any textual/HTML data in Web-accessible files.

There are several tools provided by the WebKB project [14]. Here are some

examples:

·  The classic information retrieval/handling tool allows users to apply and combine

UNIX-like text processing commands on Web-accessible files

·  The knowledge-based information retrieval/handling tool allows users to apply and

combine knowledge building/retrieving commands.
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·  The tool to index document elements by knowledge representations generates the

notation for the indexing of a document element using a knowledge representation

·  The hierarchy browser allows users to navigate between objects of a given kind,

along relations of a given kind, and from an ontology stored in a given document.

WebKB is a great tool set for storing, organizing and retrieving web-based

knowledge. However, like SHOE, it doesn’ t invoke automatic techniques and requires

humans to intervene. Therefore, using WebKB is still quite labor intensive.
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Chapter 3 Machine Learning Approaches

This chapter introduces the machine learning approaches that AutoSHOE currently

uses. We will first define the learning problem for AutoSHOE, and then we will

introduce the machine learning techniques that are used to learn SHOE’s categorization

rules and relation rules. Finally, we will introduce how AutoSHOE annotates new web

pages.

3.1 Learning Problem Definition

Recall the definition of machine learning in Section 2.3.1: a well-defined learning

system includes a task, training data and a performance measurement. In this thesis, our

training data will be SHOE-annotated web pages and our task will be automatically

labeling new web pages with SHOE’s annotation tags. In other words, AutoSHOE takes

two inputs as training data: an ontology that specifies the categories and the relations and

the web pages that are the instances of the ontology. AutoSHOE will output a classifier

that can classify new web pages and rule sets that can deduce the relations among the

new pages. Different learning systems may use different performance metrics.

Nevertheless, in the classification problem, it is very common to use a confusion matrix.

In a confusion matrix, true classifications are listed across the top of each table, and the

classifications given by a particular classifier are listed vertically in the first column. The

last column labeled as “%” is calculated as:

C

C

N
CN )(

% =
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where NC(C) is the number of documents belonging to class C that were classified as

class C , and NC is the total number of documents belonging to class C. An example of a

confusion matrix is shown in Figure 3-1. In this confusion matrix, the column is the

actual class that the instance belongs to and the row is the class that the classifier

predicts. For example, the first row shows that there are 55 total instances that should be

classified as A. The classifier classified 50 of them correctly, made three mistakes in

classifying A as B, and one mistake in classifying A as C. The accuracy rate is 90.91%

for classifying A.

Col umn i s act ual  c l ass and r ow i s c l assi f i er ’ s  pr edi ct i ons

cl assname   A   B   C     : t ot al

 A         50  3   2      :  55  90. 91%

 B         2  19   .       :  21  90. 48%

 C      1   2  12      :  15  80. 00%

Figure 3-1: An Example of a Confusion Matr ix

3.2 Learning SHOE’s Categorization Rule

3.2.1 Learning Approach

One way to learn SHOE’s categorization rules is to use Supervised Classification

Learning. The goal of supervised classification learning is to induce a classifier that can

map a new instance to a pre-defined label. In order to induce such a classifier, we need

labeled instances and an induction algorithm. A labeled instance can be described as a

list of attributes (or feature) values and a label. For example, consider the case that a

credit card company is trying to determine whether to accept or reject an application. In

this case, one application will be an instance. The attributes of the instance could be age,
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this case, the attributes will be sex (male, female), annual income (integer value) and

marital status (single, marry), etc. and the label of the instance will be accept or reject. So

a labeled instance is like <25,Male, $45000, single | approve> or <28,Female, $2,000,

single | reject>. The set of labeled instances that we give the induction algorithm is called

a training set. Given a training set, we can run the induction algorithm, which generates a

classifier. This classifier can map an unlabeled instance such as <27,female, $23,000,

married> to the pre-defined label accept or reject.

3.2.2 Process for Learning SHOE’s Categorization Rules

Learning SHOE’s categorization rules is actually looking for a classifier, which

can label new web pages with pre-defined ontology categories. This learning process is

shown as Figure 3-1.

Figure 3-1: Learning SHOE’s Categor ization Rules

<Category for  =“ URL”  name = “ name” >

LabelHTML Feature Text

Database

Induction
Algor ithm

• Classifier
• Per formance
measure

Labeled
Instances

Labeled Instance

Text Feature Keywords

Feature Vector
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AutoSHOE collects the label instances by first parsing the category tags in

SHOE-annotated documents. The attribute name in the category tag provides the label for

an instance. The attribute for in the category tag gives the URL of the HTML document.

This HTML document will be transferred to attribute-value pairs in three steps: first the

feature text will be extracted from HTML document, then feature keywords will be

extracted from the text and finally the text will be represented as a feature vector. This

feature vector along with the label will be combined as an instance and inserted into the

database (Section 3.2.3). Later, the labeled instances will be extracted from the database

as training data for an induction algorithm (Section 3.2.4). This induction algorithm will

produce a classifier as well as the performance measure of this classifier. These outputs

will be added to the database for further use.

3.2.3 Collect Labeled Instances as Training Data

 Recall the syntax of <category> tag:

<Cat egor y name =” cat egor y name”  val ue =“ URL of  t he page” >

This name attribute in the Category tag gives the label of the instance, but this tag

only gives the URL of the web page. We know that from the URL we can find an HTML

page, but this is still not enough. We need to find some way to represent an HTML

document as attribute-value pairs. This conversion procedure is actually quite

complicated. It contains three steps: extract feature text from the HTML document, select

feature keywords for text and represent the text as a feature vector.
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3.2.3.1 Extracting Feature Text from an HTML Document

The first step is extracting the feature text from an HTML document. The feature text

is the piece of text that can reflect the contents of the page. Commonly used types of

feature text include:

·  The body text, which is all the text in the HTML document except the HTML tags.

·  The title/headings text, which is text between <title> and </title>, and text between

<hn> and </hn>, where n is an integer. The rationale for this option is based on the

assumption that words in headings and titles usually summarize the information in

that page, and thus should be useful in identifying the contents of the page.

·  The emphasis text, which is text between <I> and </I>, <B> and </B>, <U> and

</U>, <Pre> and </Pre>. The rationale for this option is very similar to that for

choosing title/header text.

·  The meta text, which is text located in <meta name = “ keyword”  value = “ …” > and

<meta name= “ description”  value= “ …” >. In some extreme cases, the value of

meta keyword and meta description will already contain enough information for

classifying a web page

Notice that when we extract the feature text from an HTML document, either too

much or too little text will confuse the learner. Each feature set will have its own

advantages and disadvantages: a feature set such as meta keyword will give the text that

contains the most important information. But we should not expect that every page will

contain meta keywords. On the other hand, a feature set such as body text will be

available for almost all web pages, but we should expect that many words in the body

contains irrelevant information that will confuse the learners. Therefore, which feature set
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to choose will depend on the data set we use. AutoSHOE provides a flexible tool that

allows the user to easily choose the feature text from HTML documents according to

different data sets (Section 4.4.1).

3.2.3.2 Select Featured Keywords from Text

Sometimes simply selecting the text from HTML documents is not enough to

train a learner. The major difficulty is the high dimensionality of the text space. If we

choose body text from an HTML document, then the native text space consists of the

unique terms (words or phrases) that occur in documents, which can be thousands of

terms for even a moderate-sized text collection. This is too high for most learning

algorithms. Therefore, we need to find some ways to reduce the native text space without

sacrificing classification accuracy. Here we describe three text-feature selection methods

that are used in AutoSHOE.

3.2.3.2.1 Document Frequency Thresholding

Document frequency is the number of documents in which a term occurs [15]. We

compute the document frequency for each unique term in the training set and remove

from the feature space those terms whose document frequency is less than some

predetermined threshold. The assumption is that rare terms are either non-informative for

category prediction, or not influential in global performance.

3.2.3.2.2 Word Occurrence Thresholding

This approach simply removes the terms that occur less than N  times in all the

documents. The assumption is very similar to that for document frequency thresholding.

Notice that even though this approach seems similar to document frequency thresholding,
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it is different. For example, if a term occurs 100 times but only appears in one document,

then it will be eliminated when using the document frequency thresholding. However, it

will be retained when we use the word occurrence thresholding.

3.2.3.2.3 Information Gain Thresholding

Information gain measures the entropy obtained for category prediction by

knowing the presence or absence of a term in a document [15].  Let { }m
iic 1=  denote the set

of categories in the target space. The information gain of term t is defined to be:
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where P(ci) is the probability of the category ci occurring in the ontology, and P(t) is the

probability that t occurs in all the text collection, P(ci|t) is the probability that a category

is ci given that the term t appears and )|( tcP i is the probability that a category is ci given

that the term t does not appear

Given a training set, for each unique term, we compute the information gain and

remove from the feature space those terms whose information gain is less than some pre-

determined threshold.

The feature selection methods mentioned above are only the commonly used

ones. Several other text feature selection methods are available [15]. New text feature

selection methods can be plugged into AutoSHOE by registering online (Section 4.4.3).

3.2.3.3 Represent Text as a Feature Vector

In order to train a classification induction algorithm to produce a text classifier,

we need to represent text as a feature vector. A feature vector is an attribute vector that
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can reflect the unique attributes of the text. There are three different feature vectors used

in AutoSHOE, word feature vector, binary vector and integer vector.

3.2.3.3.1 Represent Text as a Word Vector

Word vector is the most straightforward way to represent text; it simply inserts all

the words that appear in the text into a vector. For example, the previous paragraph will

be represented as attribute[0] =” Text” , attribute[0] =” vector”  …attribute[27] =” vector”

Word vector can be used to train some text classifiers such as the naïve-Bayes

algorithm (Section 3.2.4.1).

3.2.3.3.2 Represent Text as a Binary Vector

Binary vectors represents attributes as words in the vocabulary, and an attribute w

is true for an instance d
r

if and only if d
r

contains the word w. For example, consider

following the two paragraphs:

This is paragraph one; it contains the word “one”

This is paragraph two; it contains the word  “ two”

Now we throw out trivial words such as “This” , “ is” , ” it” , “  the” , and collect the

rest of the words ”paragraph”, ”one” , ” two” , ”contains”  and “word”  into a word bag. We

can now represent the binary feature vector of paragraph one as:

attribute[ ‘paragraph’ ]=1 attribute[ ‘one’ ]=1, attribute[ ‘ two’ ]=0 …  attribute[ ‘word’ ]=1

and represent binary feature vector of paragraph two as:

attribute[ ‘paragraph’ ]=1 attribute[ ‘one’ ]=0, attribute[ ‘ two’ ]=1 …  attribute[ ‘word’ ]=1

The Binary vector can be used to train learners, which require discrete values as

training data. An example of such a learner is ID3 (Section 3.2.4.2)
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3.2.3.3.3 Represent Text as an Integer Vector

An integer vector is very similar to a binary vector, but instead of showing words

presence or absence from a piece of text, it shows how many times the word occurs in the

text. In the previous example, the integer vector will be:

Paragraph one:

attribute[ ‘paragraph’ ]=1 attribute[ ‘one’ ]=2, attribute[ ‘ two’ ]=0 …  attribute[ ‘word’ ]=1

Paragraph two:

attribute[ ‘paragraph’ ]=1 attribute[ ‘one’ ]=0, attribute[ ‘ two’ ]=2 …  attribute[ ‘word’ ]=1

An integer vector can be used to train learners, which can take continued values

as training data. An example of such a learner is k-nearest-neighbor (Section 3.2.4.3).

3.2.4 Classifier Induction Algorithms Used in AutoSHOE

After collecting and preparing the training data, we can use the induction

algorithm to produce a classifier. Many different classifier induction algorithms are

available. Here we describe three that are currently used in AutoSHOE.

3.2.4.1 Naïve Bayes Classifier

The naïve Bayes approach to classify plain text has been used very widely [12].

This method is based on Bayes’  theorem, which states that:
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where P(Ci) denotes the initial probability that an instance will be classified as Ci.

P(D) denotes the prior probability that training data D will be observed. P(D|Ci) denotes
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the probability of observing data D when it belongs to class Ci, and P(Ci|D) denotes the

probability that the instance should classify as Ci after we have seen the training data D.

The naïve Bayes classifier is based on the assumption that probability of a word

occurring in a document given the document class Cj is independent of the probability of

all other words occurring in that document given the same document class, i.e.:

( ) ( )Õ=
i
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where (w1,...,wn) = D. Thus, this classifier picks the most likely classification c*

given by:
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Notice that despite the obvious inaccuracy of the independence assumption, in

practice the naïve Bayes learner performs remarkably well in many text classification

problems. For detailed analysis of this fortunate phenomenon, please reference [16].

In order to use the naïve Bayes algorithm to induce a text classifier, we first need

to decide how to represent an arbitrary text document in terms of attribute-value pairs.

This can be done by representing text document in a word feature vector (Section

3.2.3.3.1). Given this representation for text documents, we can now apply the naïve

Bayes classifier. Let’s assume that we have 1000 documents, 800 of them are classified

as student and 200 of them are classified as faculty. We are now given a new document

and asked to classify it. In this case, we can calculate the naive Bayes classification as:
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P(vj) can easily be estimated based on the fraction of each class in the training

data (P(Student)=0.8  and P(Faculty) =0.2 in our example). In order to estimate P(wk| vj),

we need another assumption: we assume that the probability of encountering a specific

word wk is independent of the specific word position being considered. Thus, the

estimation P(wk | vj) will be

||

1

Vocabularyn

nk

+

+

where n is the total number of word positions in all training examples whose

target value is vj ,nk the number of times word wk is found among these n word positions,

and |Vocabulary | is the total number of distinct words found within the training data. The

learning algorithm of naïve-Bayes is shown in Appendix A.1.
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3.2.4.2 Decision Tree Learning

Decision tree learning provides a practical method for concept learning and for

learning other discrete-valued functions [12,17]. Figure 3-1 shows a decision tree that

classifies a document according to the keywords that appear in that document.

Decision trees classify instances by sorting them down the tree from the root to

some leaf node, which provides the classification of the instance. For example, an

instance such as <Teach=’yes’ , Processor=’yes’ ) would be sorted on the leftmost branch

of this decision tree and therefore be classified as Faculty.

Most algorithms that have been developed for learning decision trees are

variations of a core algorithm that infers a decision tree by growing from the root

downward, greedily selecting the next best attribute for each new decision branch added

to the tree. This approach is exemplified by the ID3 algorithm [17] and its successor C4.5

[18]. The central choice in the ID3 algorithm is selecting which attributes to test at each

Figure 3-1: A Decision Tree to Classify Documents According to Keywords in the Document

Teach

Professor

Faculty Course

My page

   Yes      No

Yes   No    Yes    No

StudentOthers
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node in the tree. The selection decision can be determined by measuring a statistical

property, called information gain.  In order to define information gain, we need to define

a measure called entropy. Given a collection S containing c different classes, then the

entropy of S relative to this c-wise classification is defined as:
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where pi is the proportion of S belong to class i. Therefore, to a collection example S,

information gain is defined as:
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where Sv is the subset of S that have value v for attribute A. Notice that this information

gain function is identical to equation 3.1 which is used to measure the information gain of

a term in the text document. A complete decision tree algorithm is shown in Appendix

A.2.

To use a decision tree algorithm, a text document should be represented as a

binary vector or an integer vector.

3.2.4.3 Instance-Based Learning

Instance-based learning methods such as nearest neighbor are conceptually

straightforward approaches to approximating real-valued or discrete-valued target

functions [12]. Learning in these algorithms consists of simply storing the presented

training data. When a new unlabeled instance is encountered, the classifier simply

searches for the instance that is the closest (under some measure of distance) and returns

the label of the instance found. The most basic instance-based method is the k-Nearest
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Neighbor algorithm. This algorithm assumes that all instances correspond to points in an

n-dimensional space. The nearest neighbors of an instance are defined in terms of the

standard Euclidean distance. Let an arbitrary instance x be described by the feature vector

<a1(x),a2(x)…an(x)>

where ar(x) denotes the value of the r th attribute of instance x. Then the distance

between two instances xi and xj is defined as:

å
=

-=
n

i
jrirji xaxaxxd

1

2
, ))()(()( .

A complete k-Nearest-Neighbor algorithm is listed in Appendix A.3

Instance-Base learning also requires that the training instances be represented as

the attribute-value pair, but the target function may be either discrete-valued or real-

valued. Therefore, the text document can be represented as either a binary feature vector

or an integer feature vector in order to run the Instance-base algorithm.

Notice that the classifier induction algorithms are not limited to these three

mentioned here. New learning algorithms can be plugged into AutoSHOE by simply

filling out an online registration form (Section 4.5).

3.3 Learning SHOE’s Relation Rules

The problem of Learning SHOE’s relation rule can be divided into two sub-

problems. When a relation rule describes the relationship between categories, it can be

viewed as a binary relation learning problem. (In this thesis, we restrict all of the relations

to binary even though not all SHOE’s relation rules are binary.) When a relation rule

describes the relationship between a category and other data, such as a number, date,

string etc., it can be viewed as a text field extraction problem. AutoSHOE uses regular
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expressions plus the HTML structure to extract some text fields. It can extract the text

field such as the title of the page and Email (Section 4.4.1). However, more sophisticated

information extraction techniques can be applied here. We will discuss this in more detail

in Chapter 6.  In this section, we will focus on how to learn the binary relations that

describe the relationship between pairs of web pages.

3.3.1 Learning Approach

SHOE’s binary relation can be learned by a first-order logic learner such as

FOIL[5,12]. In first-order logic learning, the training data contain a set of positive target

relation, negative target relations and background relations. The target relation is the

relation that we want to learn; background relations are the relations that are used to

define the target relation. Positive tuples are the tuples that belong to the target relation,

while negative tuples are the tuples that do not belong to the target relation. The goal of

learning is to construct a logic program that constitutes an intentional definition of the

target relation in terms of itself and the background relations. This definition should

cover all positive tuples and no negative tuples of the target relation.

As an example of this task, consider the set of lists { [], [1], [2], [3], [1,2], [2,3],

[1,2,3]} . The target relation is member(E,L), where E is an element that belongs to the list

L. We give all the positive tuples that belong to member (E,L):

<1,[1]>  <2,[2]>  <3,[3]>  <1,[1,2]>  <2,[1,2]>

<[2,[2,3]>  <3,[2,3]>  <1,[1,2,3]>  <2,[1,2,3]>  <3,[1,2,3]>

and several negative tuples that do not belong to member(E,L):

<1,[ ]> <1,[2]> <2,[1]> <3,[1,2]> <2,[1,3]>
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Now we give the background relation components (L,H,T), where L is a list, T is

the tail of the list and H is the head of list. The tuples that make up components are:

<[1],1,[]> <[2],2,[]> <[3],3,[]> <[1,2],1,[2]> <[2,3],2,[3]> <[1,2,3],1,[2,3]>

 Where the third states that list [1,2,3] has head 1 and tail [2,3].

Given these positive tuples, negative tuples and background relations, the first-

order logic learner will produce a internal definition of member(E,L) using only

component(L,H,T) and member(E,L). This definition will covers all the positive tuples of

member(E,L) and no negative tuples of member(E,L). The output definition is:

member(A,B) :- components(B,A,C).

member(A,B) :- components(B,C,D),member (A,D).

Using the Prolog notation for lists, these clauses might be written as:

member(A|[A|C] ).

member(A|[C|D] :-member(A,D).

3.3.2 Process for Learning SHOE’s Relation Rules

As mentioned above, in order to let the first-order rule learner produce a

definition of the target relation, we need the positive tuples, negative tuples and

background relations. AutoSHOE gets the positive tuples and background relations by

parsing SHOE’s relation tags and gets the negative tuples by randomly enumerating two

pages that do not belong to the positive tuples. The whole process is shown in Figure 3-1.
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3.3.3 Training Data Collection

3.3.3.1 Tuples for Background Relations

SHOE use the following tuples as background relations:

·  category(Page): the category relation lists the pages that represent instances of

category.

Figure 3-1: Learning SHOE’s Relation Rules
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·  link(Hyperlink,Page,Page) : This relation represents Web hyperlinks. The first

argument is an ID for the hyperlink, the second argument is the page in which the

hyperlink is located, and the third argument is the page to which the hyperlink

points.

·  contains_word(Hyperlink): This relation indicates the words that are found in the

anchor text of each hyperlink.

·  contains_alphanumeric(Hyperlink): The instances of this relation are those

hyperlinks that contain a word with both alphabetic and numeric characters (e.g. I

teach CSE896: Machine learning).

·  contains_neighbor_word(Hyperlink): The neighbor words of a hyperlink are the

words in the same paragraph, list item or table entry as the hyperlink.

3.3.3.2 Positive and Negative Tuples for Target Relation

AutoSHOE gets the positive tuples by parsing the SHOE’s <relation> tags. Recall

the syntax of <relation> tag:

<r el at i on name = “ RELATI ON NAME”  >
<ar g val ue1= “ val ue1”  pos = “ FROM” >
<ar g val ue2= “ val ue2”  pos = “ TO” >
</ r el at i on>

In order to use the background relations to construct the definition of the target

relation, we put the following restrictions when we choose <relation> tags as positive

tuples:

·  Both value1 and value2 should be URLs. Otherwise, this relation is not used to

describe the relationship between two pages.
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·  Both value1 and value2 should be labeled. Otherwise, the background relation

category(x) cannot be used to compose the definition of the target relation. If

either one is not labeled, we will label it either manually or by using background

knowledge provided by AutoSHOE’s construction tags. For example, one

construction tag says that in the relation teacherOf(A,B), A is Faculty and B is

Course, so we can immediately know the labels of both A and B. However, this

method cannot always be applied. For example, the relation memberOf(A,B)

describes both “ the member of department”  and “ the member of research group.”

In this case, neither A nor B can be labeled by simply looking at the relation name.

Thus, manual labeling is still necessary (alternatively, we can also use the trained

classifier to automate this job).

·  There must be a hyperlink between A and B. The reason for this restriction is that

if there is not a link between A and B, then none of our background relations

(except category) can be applied to compose the definition of the target relation.

Negative tuples can be generated by enumerating each pair of pages that is not a

positive tuple of the target relation. The reason for adding negative tuples is to prevent

the learner from learning the trivial but incorrect rules.  For example, if there is no

negative tuple in teacherOf relation, first order logic learner will output the rule

teacherOf(A,B) :- faculty(A), course(B), which means all faculties teach all courses. This

is incorrect.
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3.3.4 First Order Logic Learning Algorithm Used in AutoSHOE

The first-order logic learning algorithm that is currently used in AutoSHOE is

called FOIL. FOIL uses the separate-and-conquer method, iteratively learning a rule and

removing the positive tuple that it covers until none remain. A rule is grown by

successive specialization, starting with the most general rule head and adding literal to

the body until the rule does not cover any negative tuples. Appendix A.4 shows the

detailed algorithm of FOIL.

Note that FOIL is just one of the first order rule learning algorithms. Other learning

algorithm such as FOCL [19,20] extends FOIL by containing a compatible explanation-

based learning component. As a machine learning framework, AutoSHOE allows other

rule learners to plug into the system (Section 4.5).

3.4 Annotate New Web Pages

After the training is done, we can use classifiers and rule sets to annotate new web

pages. The annotation procedure follows a process similar to training does. First of all,

we collect a set of new HTML documents that belong to the ontology that we learn. Then

we follow the same feature selection process to represent HTML documents as feature

vectors. These feature vectors will be used as unlabeled instances. We also parse the

hyperlinks among the web pages. These hyperlinks will be used as the background

relations to deduce the target relation. The unlabelled instances and the hyperlinks will be

added into the database. In order to annotate the web pages with SHOE’s categorization

rules, we extract the unlabelled instances from the database and send them to a classifier.

The classifier will give the labels of these instances. In order to annotate the web pages

with SHOE’s relation rules, we extract the rule sets and the background relations from
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the database and send them to a first-order logic deduction program such as Prolog. The

deduction program will deduce the target relations according to the rule sets and the

background relations. The whole annotation process is shown as Figure 3-1.

Figure 3-1: Annotating New Web Pages
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Chapter 4 AutoSHOE System Design

We start this chapter by introducing the framework. Then each component in this

system will be described separately.

4.1 Overall Framework

Figure 4-1: Overall Data Flow of the Framework
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Figure 4-1 shows the overall data flow of the framework. From the figure, we can

see that the AutoSHOE framework can be viewed as a central database surrounded by

several sets of tools, which include data collection tools, feature selection tools, learner

control tools and annotation tools.

First of all, Data Collection tools collect users’  requirements and go to the

Internet to grab the data that satisfy all these requirements.  The returned results will be

inserted into the central database. After that, the Feature Selection tools will extract

features from the web pages. A feature is a piece of text that contains the useful

information. The features will be used to compose some of the SHOE relation instances

as such name.Of and age.Of, or as training data for the learners. The AutoSHOE

framework trains the learners by using Training Control tools. Training Control tools are

responsible for keeping track of the learners’ information such as the learners’  locations,

and transferring the training data to the corresponding learners. After the training is

finished, the Annotation Tools will use the classifier and rule sets to annotate new pages.

All the training data, feature selection results, trained classifiers, learned rule sets, and

new web pages are stored in the central database. Users can use an online Database

Administration tool to manipulate the data.

4.2 Central Data Store and Simple Database Administrator

The AutoSHOE is a database driven system, which means a central database

controls the whole system. The information exchange between different tools must go

through the central database. AutoSHOE uses Java JDBC to connect the database, thus
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the central database can be any database run on any platform as long as this database has

a JDBC driver. In AutoSHOE, we currently use MySQL [21] as our central database.

4.2.1 Why Database Driven

There are several reasons why the whole framework should be database driven.

First, it is easy to manipulate data using a database. For example, querying the database

to find all the URLs with label student is much easier and faster than parsing many

SHOE-annotated HTML documents to find the relevant information. Second, the data in

the database is “ format free.”  Once the data in SHOE annotation tags have been extracted

and inserted into the database, they can be converted into any format when necessary. In

this way, learners don’ t have to know SHOE’s annotations. Finally, all the data are stored

in the database and can be accessed through the web and these will make the information

highly sharable.

4.2.2 Database Design of Central Data Store

The central data store is used to store the training data, intermediate processing

results and training results in a structured way. Figure 4-1 shows the overall database

design. More detailed descriptions on each table will be given followed by Figure 4-1.
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4.2.2.1 Tables for Storing the Data

As an ontology is composed of categories and relations, we design two tables,

CATEGORIES and RELATIONS to store the corresponding data.

Table CATEGORIES

The CATEGORIES table stores the category instances of the ontology. In order to

understand the structure of the CATEGORIES table, let’s recall the annotation of

SHOE’s category instance:

<cat egor y name =” l abel ”  f or = “ URL” >

The CATEGORIES table stores the information that is embedded in category tags

plus other relative data. The fields in the CATEGORIES table are as follows:

Figure 4-1: Database Design
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·  CATEGORY_ID (Primary key): The identifier of the category instance.

·  URL: The Uniform Resource Location of this category instance.

·  FILENAME: Sometimes we need to store HTML documents on the local hard disk in

order to increase the processing speed. If this field is not null, AutoSHOE will look at

this field to find the HTML document on the local hard disk.

·  DATA_SET: Every category instance belongs to one data set. Feature selectors and

learners select the training data by referencing the name of the data set.

·  LABEL: The label of this category instance.

·  PROB: The probability that this instance can be labeled as LABEL. For unlabeled

instances, this field is null. For human-label instances, the value of this field is always

1.0. For automatically labeled instances, the value of this field is the confidence level

that the classifier predicts.

Table RELATIONS

The RELATIONS table stores the relation instances of the ontology. In order to

understand the structure of the table RELATIONS, recall the annotation of SHOE’s

relation instance:

<Rel at i on name = “ RELATI ON_NAME” >
<Ar g Pos = “ FROM”  val ue = ” FROM_VALUE” >
<Ar g Pos = “ TO”  val ue = ” TO_VALUE” >
</ Rel at i on>

The RELATIONS table stores information that is embedded in the relation tags.

The fields in the RELATIONS table are as follows:

·  RELATION_ID (Primary key): The identifier of the relation instance.

·  RELATION_NAME: The name of this relation.
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·  FROM_VALUE: The argument value whose position is “FROM.”

·  TO_VALUE: The argument value whose position is “TO.”

·  FROM_ID (Foreign key): If the FROM_VALUE is a URL, which means the

argument FROM is an instance of category, the value of this field indicates the

corresponding category in the CATEGORIES table.

·  TO_ID (Foreign key): If the TO_VALUE is a URL, which means the argument TO is

an instance of category, the value of this field indicates the corresponding category in

the CATEGORIES table.

·  PROB: The probability that these two instances have relation whose name is

RELATION_NAME. For the human labeled instances, the value of this field is

always 1.0. For the automatically labeled instances, the value of this field indicates

the confidence level that the learner predicts.

4.2.2.2 Tables for Storing the Intermediate Processing Results

As mentioned in Chapter 3, the raw data must be pre-processed for the learners to

understand. The pre-processing results will be stored in the database for further reference.

Two tables are used to store the intermediate processing results: FEATURES and

LINKS.

Table FEATURES

The FEATURES table is used to store the feature selection results of the

categories. Notice that an instance of a category can have an arbitrary number of features,

and a feature can be anything, from a small piece of text to the whole web site.  More
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detail about the features will be introduced in Section 4.4.  Here we only introduce the

structure of the table.

·  FEATURE_ID (Primary key): The identifier of the feature.

·  CATEGORY_ID (foreign key): Refers to the instance in the CATEGORIES Table.

The value of this field indicates the instance to which this feature belongs.

·  FEATURE_NAME: The name of this feature, for example, Email, Title, or

BinFeatureVector, etc.

·  LOCATION: Indicates where the feature is located. It can be INTERNAL,

EXTERNAL or REMOTE.

·  FEATURE_VALUE: The value for this feature. If the LOCATION field is

INTERNAL, this field represents the feature value. If the LOCATION field is

EXTERNAL, this field represents the file name that contains the feature value. If the

LOCATION field is REMOTE, this value represents the URL that contains the

feature value.

·  DESCRIPTION: The detail description of this feature. For example, if this feature is

a binary representation of a document, then this field lists which words are used.

Table L INKS

As mentioned in Section 3.3.2, when AutoSHOE tries to learn a target relation, it

needs to analyze the hyperlinks among the labeled web pages in order to compose

background relations. Thus, we need a LINKS table to store the hyperlinks between the

labeled web pages. The table structure is as follows:

·  LINK_ID (Primary Key): The identifier of the link.
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·  URL: The Uniform Resource Locator of this link.

·  SRC_ID (Foreign Key): The ID of the source instance.

·  DEST_ID (Foreign Key): The ID of the destination instance.

·  LINK_TEXT: The text on the hyperlink anchor.

·  NEIGHBOR_TEXT: The text surrounds the hyperlink. The surrounding text means

the text that is in the same paragraph, same list item or same table with this link.

4.2.2.3 Tables for Storing the Learners and Training Results

AutoSHOE allows users to dynamically add and remove learners through the

web. It implements this function by keeping track the information of the learners, feature

selectors, trained classifiers and rule sets. The detailed information about how

AutoSHOE dynamically adds and removes learners will be given in Section 4.5. Here we

introduce the table structure only.

Table LEARNERS

The LEARNERS table keeps track of the learners’  information. The structure of

the table is shown as follows:

·  LEARNER_ID: An identifier for the learner.

·  SERVER_NAME: The name of the learning server that hosts the learners. A learning

server can contain one or more learners.

·  HOST: The host name or IP address of the learning server.

·  PORT: The port number on which the learning server listens.

·  ALGORITHM: The learning algorithm used by the learner.

·  FORMAT: The data representation format; may be BINARY, INTEGER or WORD.
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·  TYPE: The learning algorithm type; may be categorization rule learner, relation rule

learner or feature selector.

·  DESCRIPTION: More detail description of this learner.

Table CLASSIFIERS

The CLASSIFIERS table stores the trained classifiers. Users can choose a classifier

to label new pages. The structure of the table is shown as follows:

·  CLASSIFIER_ID (Primary key): An identifier of the classifier.

·  CLASSIFIER_NAME: The name of this classifier.

·  LEARNER_ID (Foreign key): The ID of the learner that produced this classifier.

·  HOST: The host name or IP address of this classifier.

·  PORT: The port number on which the classifier server listens.

·  DATA_SET (Foreign key): The data set name used for training the classifier

·  FEATURE_SET (Foreign key): The feature set name used for training the classifier.

This field and the DATA_SET field identify the training data that were used to induce

this classifier.

·  TESTSET_RATIO: The ratio of the test set size to the entire data set size.

·  RESULT: The performance measure of this classifier, which is represented as a

confusion matrix based on test data.

·  DESCRIPTION: A more detailed description about this classifier.

Table RULES

The table RULES stores the learned rule set output by the rule learner. The

structure of RULES is as follows:
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·  RULE_ID: An identifier of the rule.

·  TARGET: The target relation.

·  DEDUCTION: The deduction rule for this target relation.

4.2.3 Database Administration Tool

In order to view, query, and maintain the data in the database, we provide a

simple web –based Database Administration tool. Users can view, search, insert, update

and delete the data via the web. This tool provides an interface for the users to monitor

and supervise the training process and manipulate the data.

4.3 Data Collection Tools

Collecting labeled instances as training data is one of the most expensive

processes in machine learning since it requires a large among of manually labeled data.

We developed two tools to automate the training data collection. These two components

are a Web Grabber and a Data Collector.

4.3.1  Web Grabber

The Web Grabber is responsible for finding the web pages that contain special

content.  During training, the responsibility of the Web Grabber is to find SHOE-

annotated web pages that are classified according to a particular ontology. During

annotation, the responsibility of the Web Grabber is to find the new pages that belong to

the ontology just learned. The Web Grabber takes the following parameters as input:

·  Starting URL: The starting point of the Web Grabber.
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·  Host URL Constraint: The Web Grabber only searches web pages in the specified

domains. This constraint prevents the Web Grabber from going to a domain that will

not contain the information we want. For example, we don’ t want the Web Grabber to

go to Yahoo! to search for SHOE-annotated pages.

·  File Type Constraint: The Web Grabber only searches documents with a specified

file extension. This constraint is used to prevent the Web Grabber from opening and

analyzing the files that can’ t contain information that we want.  For example, if we

are looking for SHOE-annotated page HTML document, then we tell Web Grabber

only to look at the files that end with htm, html, shmtl, php3 and don’ t bother to look

at the file with extension such as ps and zip.

·  File Size Constraint: The Web Grabber only searches documents whose file sizes are

in a certain range. This constraint prevents web Grabber from searching the files that

are either too big or too small, since a file with either too little or too much

information might confuse the learner.

·  Selection Constraint: This constraint tells the Web Grabber only to find the pages

containing a certain key word. For example, if we try to find the web pages that are

the instances of the computer science department ontology, we would put the key

word cs-depart-ontology in the selection constraint.

·  Skip Constraint: The Web Grabber will skip a page if it contains any of the key

words that appear in the skip constraint list. Skip constraints are used for preventing

Web Grabber from returning the “bad file” . For example, we will the skip pages that

contain the key words “HTML 404 Error”  and “HTML 403 Error” .

·  Max Distance: Defines how far the Web Grabber will go from the starting URL.
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·  Max Return: The maximum number of pages returned. This number tells the Web

Grabber to stop after getting enough pages.

The Web Grabber can use many different search strategies. Two common approaches

are depth-first search and breath-first search. Heuristics can be added into the search

strategies. For example, based on the assumption that SHOE’s annotated pages would

link to each other, we may add the heuristic to stop searching when the Web Grabber

finds a page without SHOE annotations, and all the pages it links to do not have SHOE

annotations either. Moreover, sophisticated learning algorithms such as reinforcement

learning [23] can also be added into Web Grabber. In our case, since there are not many

pages annotated with SHOE tags, and most of them are concentrated near the SHOE’s

home page [11], depth-first search is an adequate heuristic.

4.3.2 Data Collector

The Data Collector parses the SHOE-annotated documents, collects the training data,

and inserts them into the central database. The Data Collector provides the following

functions:

·  Parse categories: Parse the tags

<category name = “category name” for = “URL of the web page”>

and insert the LABLE = “category name”  and URL=”URL of the web page”  into the

CATEGORIES table.

·  Parse Relations: Parse the relation tags

<relation name = “RELATION NAME” >

<arg value1= “value1”  pos = “FROM”> <arg value2= “value2”  position =  “TO”>

</relation>
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Insert the RELATION_NAME, VALUE1and VALUE2 into the RELATIONS table, If

either VALUE1 or VALUE2 does not appear in the CATEGORIES table, insert it into

the CATEGORIES table.

·  Collect HTML Documents: Download the HTML document into the server’s hard

disk that AutoSHOE located. This will make the processing much faster.

·  Collect Links: Collect all the hyperlinks among the labeled web pages, the text on the

hyperlink anchors and the text surrounding the hyperlink anchors.

·  Collect categories by using URL Pattern Matching: Sometimes it is possible to

identify the label by looking at the pattern of the URL. For example, if the URL

contains the key word “ class,”  it is very likely that the web page should be labeled as

“Course.”

·  Collect categories by using SHOE’s relation: Sometimes we can use SHOE’s

relation tags to collect the labels of the web pages. For example, giving a relation

teacherOf(A,B), we will know the label of A is Faculty and B is Course.

4.4 Feature Selection Tools

The Feature Selection tools are responsible for extracting features from the web

pages. A feature is a piece of text that contains the useful information. Feature can be

anything: the title, the hyperlink, the Email address, the meta data, the top 50 most

frequently appearing words, etc. The features serve two purposes:

1) As the piece of text that contains useful information, features can be used as instance

for the SHOE’s relation rules that describe relationship between the web page and

other data. For example, the piece of text between <title> tags can be used as the

instance of the relation rule name:
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<Rel at i on name=” cs. name” >
<ar g pos = “ Fr om”  val ue= “ URL of  t he web page” >
<ar g pos= “ To”  val ue = “ t i t l e of   web page” >
</ Rel at i on>

2) Features will be used as training data for the learners. As mentioned in Section 3.2.1,

the HTML document should be first represented as feature vector in order for learners

to understand.

AutoSHOE provides two Feature Selection tools: the HTML Feature Selector and

the Text Feature Selector.

4.4.1 HTML Feature Selector

The HTML Feature Selector is used to extract feature text from HTML documents.

The user can specify which piece of text to select by using a target expression. A target

expression uses the structure of HTML and a regular expression to target a piece of text

in an HTML document. The format of a target expression is very simple:

tag.[attribute|_value]  (regular expression)

Where tag is a tag name, tag._value is the text between the open <tag> and close tag

</tag>. For example, body._value refers to the text between <body> and </body>.

tag.attribute refers to the value of the attribute that is in tag. For example, a.alt refers to

the value in the anchor tag, alternative attribute (i.e. <a alt= “ALTERNATIVE

_TEXT”>). Regular expression can be used to extract the text by pattern matching. For

example, to extract the Email addresses from an HTML document, we can write the

target expression as a.href(\w+@\w+). The regular expression we use here is in Perl style

[22].
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4.4.2 Text Feature Selector

The Text Feature Selector is used to reduce the high dimension feature space

without sacrificing the accuracy of classification (Section 3.2.3.2). The AutoSHOE’s

Text Feature Selector provides three ways to reduce feature spaces:

·  prune-vocab-by-doc-count=N:  Remove words that occur in N or fewer documents.

·  prune-vocab-by-occur-count=N:  Remove words that occur less than N times in all

documents.

·  prune-vocab-by-infogain=N: Remove all but the top N words by selecting words with

the highest information gain.

Moreover, the Text Feature Selector also can be used to convert the text document

into a word vector, an integer vector, or a binary vector.

4.4.3 Plugging in Other Feature Selectors

Note that more feature selection methods are available than we have described

above. As a framework, AutoSHOE can “plug in”  other feature selection methods when

necessary. Actually, the feature selector can be viewed as another kind of learner, which

instead of trying to classify a document, it tries to learn how to extract the feature text

from the text. Thus plugging in a new feature selector will be exactly the same as

plugging in a new learner. Detailed information on plugging in a new learner will be

given in the next section.

4.5 Learner Control Tools

As mentioned previously, AutoSHOE doesn’ t provide its learning algorithms.

Instead, it tries to include as many learners as possible to find the best approach for
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learning a particular ontology. In order to add the learners dynamically, the learning

control of AutoSHOE is based on the client-server model.

4.5.1 Learner Server and Leaner Wrapper

When an author writes a learner and wants to share this learner with other

AutoSHOE users, he/she needs to write a very simple Learner Server and a Learner

Wrapper as well. A Learner Server is a server that provides the machine learning

services. It contains one or more learners. The Learner Server sits on the pre-defined port

and waits for the training data from the AutoSHOE server. Once it gets a message, it

passes the message to the Learner Wrapper. The Learner Wrapper converts the message

to a learner understandable format and triggers the learning process. The learning result

will be passed back to the AutoSHOE server.

In order to make the learning server accessible to other AutoSHOE users, the

author of the Learner Server simply needs to register the server by completing an online

registration form. This registration form requires the following information:

·  Server name: The name of the server.

·  Host name and port: The location of the server.

·  Learners provided, including:

·  Learner’s name: The name of the learner.

·  Learner’s type: May be classification learner, rule learner, or feature selector.

·  Data representation: May be word vector, binary vector or integer vector.

·  Description:  A more detailed description of this learner.

The registration information of the learner will be stored in the LEARNERS table.
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4.5.2 Learner Controller and Learner Control Protocol

When a user wants to use the learners that are registered in the AutoSHOE, he

only needs to choose the training data and the learner. Then a learner controller will be

invoked to trigger the training. The learner controller first looks at the HOST and PORT

in the LEARNERS table to find out the location of the corresponding learner server.

Then it looks at the FORMAT field in the LEARNERS table to determine whether the

training data should be represented as word vectors, binary vectors or integer vectors.

Then it extracts the training set from the database, wraps the data using the learner

control protocol (see below) and passes them to the corresponding learners.

The Learner Controller and Learner Server communicate with each other using

the Learner Control Protocol. This protocol is shown in Figure 4-1

<Pr ocess I D = “ t he i dent i f i er  f or  t he pr ocess, ”  >
<Par am name= “ al gor i t hm”  val ue= “ t he name of  t he al gor i t hm” >
<Par am name= “ act i on”  val ue= “ [ Tr ai n| Quer y| f eaur e- sel ect ] ” >
<Par am name= “ t est set ”  val ue= “ t he r at i o of  t he t est  set  t o ent i r e dat a
set ” >
<Par am name= “ t est ”  val ue= “ how many t i mes t o r un” >
<Par am name= “ c l assi f i er ”  val ue= “ name of  t he c l assi f i er ” >
<Par am name= “ ot her  par amet er s t hat  may be needed f or  a speci al
l ear ner ”  val ue= “ val ue_n” >
<i nst ance I D = “ I nst ance I D”  l abel  = “ l abel  of  i nst ance”  pr ob =
“ pr obabi l i t y  t hat  t hi s i nst ance wi t h t hi s l abel ”  > dat a</ i nst ance>
</ pr ocess>

Figure 4-1: Learner  Control Protocol

This protocol is formatted in the XML style. It starts with <Process> tag and

ends with </Process> tag. Each process has a unique ID, which is assigned by

AutoSHOE. The protocol contains two parts: Process Control Parameters and Instances.

Process Control Parameters tell the learner how to process the training data. It

follows the format <Param name= “ …”  value= “ …” >. The meaning of each parameter

is shown as follows.



� �

·  Parameter algorithm: The algorithm used. Note that one learner server may provide

more than one learner, so this parameter indicates which learning algorithm should be

used.

·  Parameter action: Note that one learner server can be also the query server and

feature selection server. This parameter tells the server what to do; its valid values are

train, query or feature-select.

·  Parameter testset: The ratio of test set size to the entire data set size. In machine

learning, we need part of the data in the data set as testing data to verify the accuracy

of the training.

·  Parameter classifier: The name of the output classifier.

·  Other parameters: Some learners may need extra parameters. An arbitrary number of

<param> tags can be added for this purpose. If a learner doesn’ t understand the

parameter, it will simply ignore it.

The Instance follows the format

<instance ID = “ …”  label = “ …”   prob= “ …” >data </instance>

Every instance has a unique ID, which is assigned by the AutoSHOE server.  The

values of label, prob and data will depend on the parameter action set to train, query or

feature-select.

This learner control protocol is used in training, querying and feature selection.

The details are described as below.

Train the Learner
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The data transfer from the AutoSHOE server to the learner server for training is as

shown in Figure 4-2.

<Pr ocess I D = “ t he i dent i f i er  f or  t he pr ocess”  >
<Par am name= “ al gor i t hm”  val ue=” t he name of  t he al gor i t hm>
<Par am name= “ act i on”  val ue=Tr ai n>
<Par am name= “ t est set ”  val ue=” t he r at i o of  t est  i n t he t ot al  dat a set ” >
<Par am name= “ t est ”  val ue= “ how many t i mes t o r un” >
<Par am name= “ c l assi f i er ”  val ue= “ name of  t he c l assi f er ” >
<Par am name= “ ot her  par amet er s”  val ue= “ val ue_n” >
<i nst ance I D = “  I nst ance I D”  l abel  = “ l abel  of  i nst ance”  pr ob =” 1. 0”  >
t r ai ni ng dat a ( r epr esent  as f eat ur e vect or )  </ i nst ance>
</ pr ocess>

Figure 4-2: Training Control Protocol (From AutoSHOE to Learner  Server )

The data transfer from the learner server to the AutoSHOE server after training is

as shown in Figure 4-3:

<Pr ocess I D = “ t he i dent i f i er  f or  t he pr ocess”  >
<Par am name= “ al gor i t hm”  val ue= “ t he name of  t he al gor i t hm” >
<Par am name= “ act i on”  val ue=Tr ai n>
<Par am name= “ t est set ”  val ue=” t he r at i o of  t est  i n t he t ot al  dat a set ” >
<Par am name= “ t est ”  val ue= “ how many t i mes t o r un ” >
<Par am name= “ c l assi f i er ”  val ue= “ name of  t he c l assi f i er ” >
<Par am name= “ ot her  par amet er s”  val ue=” val ue_n” >
Per f or mance measur ement s such as conf usi on mat r i x
</ pr ocess>

Figure 4-3: Training Control Protocol (From Learner  Server  to AutoSHOE)

AutoSHOE will insert the Process ID, algorithm, testset, test, classifier and

performance measure into the CLASSIFIER table.

Query the Classifier

When labeling pages with a learned classifier, the data transfer from the AutoSHOE

server to learner server is shown in Figure 4-4:

<Pr ocess I D = “ t he uni que i dent i f i er  f or  t he pr ocess”  >
<Par am name= “ al gor i t hm”  val ue= “ t he name of  t he al gor i t hm” >
<Par am name= “ act i on”  val ue=quer y>
<Par am name= “ c l assi f i er ”  val ue= “ name of  t he c l assi f i er ” >
<Par am name= “ ot her  par amet er s”  val ue= “ val ue_n” >
<i nst ance I D = “ I nst ance I D” > quer y dat a ( r epr esent  as f eat ur e vect or )
</ i nst ance>
</ pr ocess>

Figure 4-4: Query Control Protocol (From AutoSHOE to Learner  Server )
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The data transfer back to the AutoSHOE server is shown in Figure 4-5.

<Pr ocess I D = “ t he uni que i dent i f i er  f or  t he pr ocess”  >
<Par am name= “ al gor i t hm”  val ue= “ t he name of  t he al gor i t hm” >
<Par am name= “ act i on”  val ue=quer y>
<Par am name= “ c l assi f i er ”  val ue= “ name of  t he c l assi f i er ” >
<Par am name= “ ot her  par amet er s t hat  many need f or  a speci al  l ear ner ”
val ue=” val ue_n” >
<i nst ance I D = “ I nst ance I D”  l abel  = “ l ear ner  pr edi ct s l abel ”  pr ob=
“ l ear ner  pr edi ct s conf i dence l evel ”  > </ i nst ance>
</ pr ocess>

Figure 4-5: Query Control Protocol (From Learner  Server  to AutoSHOE)

AutoSHOE will update CATEGORIES set LABEL = classifier predicts label,

PROB = classifier predicts confident level, where CATEGORY_ID = instance ID

Feature Selection

For feature selection, the data transfer from the AutoSHOE server to the learner

server is shown in Figure 4-6.

<Pr ocess I D = “ t he uni que i dent i f i er  f or  t he pr ocess”  >
<Par am name= “ al gor i t hm”  val ue= “ t he name of  t he al gor i t hm” >
<Par am name= “ act i on”  val ue=f eat ur e- sel ect >
<Par am name= “ c l assi f i er ”  val ue= “ name of  t he f eat ur e sel ect or ” >
<Par am name= “ ot her  par amet er s”  val ue= “ val ue_n” >
<i nst ance I D = “ I nst ance I D”  l abel  =” l abel  of  t he i nst ance” > t he dat a
f or  f eat ur e sel ect  ( r epr esent  as pl ai n t ext  or  ot her  necessar y f or mat )
</ i nst ance>
</ pr ocess>

Figure 4-6: Feature Select Control Protocol (From AutoSHOE to Learner  Server )

The data transfer back to the AutoSHOE server is shown in Figure 4-7.

<Pr ocess I D = “ t he uni que i dent i f i er  f or  t he pr ocess”  >
<Par am name= “ al gor i t hm”  val ue= “ t he name of  t he al gor i t hm” >
<Par am name= “ act i on”  val ue=f eat ur e- sel ect >
<Par am name= “ c l assi f i er ”  val ue= “ name of  t he f eat ur e sel ect or ” >
<Par am name= “ ot her  par amet er s”  val ue= “ val ue_n” >
<i nst ance I D = “ I nst ance I D” > f eat ur e sel ect  r esul t </ i nst ance>
</ pr ocess>

Figure 4-7:Feature Select Control Protocol (From Learner  Server  to AutoSHOE )

The AutoSHOE server will insert feature select result into the FEATURES table.

Note that the learner control protocol simply wraps the training data so that the

learner server can understand it. Therefore, this protocol is customizable. We can even
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design it in a way that the author of the learner server designs his own protocol and

different learner servers can use different communication protocols.

4.6 Annotation Tools

The AutoSHOE user can annotate new pages by using SHOE’s Annotation Tools.

AutoSHOE provides two tools for automatically annotating the new pages: the Query

Controller and the SHOE Annotator. Query Controller is responsible for querying the

classifier to label new web pages. If a learner server can also do the querying, then the

learner controller can do the querying as well. However, in some cases, the query server

may be different from the training server. Thus, we need an extra query controller to act

as a client to send the data to the query server.

The SHOE Annotator simply selects the data from the database, wraps them with

SHOE’s tags and writes to a file. The user of AutoSHOE will immediately get SHOE-

annotated web pages that are ready to use.
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Chapter 5 Using AutoSHOE to Learn SHOE’s Ontology

In this chapter, we will show how to use the AutoSHOE tools step by step to collect

the training data, select the features from HTML documents, train the learners to learn

SHOE’s categorization rules and relation rules, and annotate the new pages. Then we will

give a case study of using AutoSHOE to learn the computer science department ontology

(cs-depart-ontology) and automatically annotate the web pages for the Computer Science

Department at the University of Nebraska –Lincoln.

5.1 Using AutoSHOE to Learn Ontology

In this section, we will show how to learn an ontology step by step. For

demonstration purposes, we assume our task is to learn the computer science department

ontology (cs-depart-ontology).

Step 1: Configure the Web Grabber to find web pages that are instances of the ontology

to be learned. (See C.1 for the screen dump of the Web Grabber.) This can be done by

adding key words in the selection constraints. In our case, we want to find the pages that

are the instances of the computer science ontology, so we add cs-dept-ontology into the

selection constraints. Besides selection constraints, the user must give the starting URL

so that the Web Grabber will know where to start. In our case, SHOE’s home page

(http://www.cs.umd.edu/projects/plus/SHOE/shoepages.html) is a good starting point

since most of the SHOE-annotated pages are linked from here.

In order to speed up searching, we add the following constraints:



� �

·  Add URL constraints if you know that only certain domains contain SHOE-annotated

pages. In our case, we may add cs.umd.edu to the URL constraints list so that the

Web Grabber only searches web pages in the cs.umd.edu domain.

·  Add file type constraints if you know that only special files may contain SHOE-

annotated pages. By default, AutoSHOE only searches the documents with extensions

html, shtml, htm and php3.

·  Add skip constraints if you know that some files won’ t contain SHOE-annotated

pages. By default, AutoSHOE ignores pages that contain “HTTP 40,”  which indicates

bad links or bad files.

·  Add file size constraints if you don’ t want to grab web pages that are either too big or

too small.

·  Set the maximum search distance.  Note that in general, the search time will

exponentially increase with the max search distance. In our experiments, a value of

two to three is sufficient.

·  Specify the maximum number of pages to grab.

The Web Grabber will return a list of URLs that satisfy all the constraints. After

verifying that the pages are really what you want, enter a data set name (for example.

cs_depart_data) and click the insert button. If the data set cs_depart_data doesn’ t

contain the URLs just returned, AutoSHOE will insert them. Otherwise, AutoSHOE will

tell you are that you are trying to insert the same URL twice in the cs_depart_data

database and will refuse to do that.
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Step 2: Use the Data Collector to collect the training data. (See C.2 for the screen dump

of the Data Collector.) The data collector will show a list of data sets that are available in

the database. Choose one or more you want to use. In our case, we choose the data set

cs_depart_data. Now check the checkbox to tell what kind of data you want to collect.

·  To collect the training data for classification learners, choose the parse categories

option. AutoSHOE will parse all the HTML documents in the data set

cs_depart_data, find all the tags <category name= “ label“  for= “ url” > and insert a

new instance with LABEL=label and URL= url into the data set cs_depart_data. You

can also choose the option “Collect the implicated labels by using URL pattern”

option to tell AutoSHOE to collect the web page label by using URL pattern

matching. For example, if you know that the URLs containing the pattern like

CSCE496 or spring2000 will likely be course pages, then you can specify the

following: “ if URL pattern like \w+\d+ (which means one or more words followed by

one or more digits [22]) then its label will be cs.Course.”  Another way to collect the

web pages’  labels is using the option “Collect the implicated labels by using relation

rules.”   For example, you can specify the rule that “ if relation is cs.teacherOf,(A,B)

then page A is cs.Faculty  and page B is cs.Course.”

·  To collect training data for the rule learner, you should choose the parse relation

option and the collect link option. Parse relation option tells AutoSHOE to parse all

the documents under data set cs_depart_data to find the tags

<relation name = “ relation name”  >

<arg pos= “ To”  value= “ ToValue” > <arg pos=” From”  value= “ FromValue” >,

</relation>
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and insert a new RELATION with NAME=name, TO_VALUE = “ ToValue”  and

FROM_VALUE = “ FromValue”  into the data set cs_depart_data. The collect link option

tells AutoSHOE to find all the links among the labeled web pages under the data set

cs_depart_data. It will also find the text that on and near the anchor.

·  To improve the processing speed, choose save HTML Document option. This will tell

AutoSHOE to download the HTML documents to the server’s hard disk.

Step 3: Use the HTML Feature Selector to extract a piece of text from HTML pages. (See

C.3 for the screen dump of the HTML Feature Selector.) You will see a list that shows

the data sets in the database. Choose one from the list. In our case, we choose

cs_depart_data again. Now you can extract the HTML feature text from the HTML

documents in the data set cs_depart_data. The most commonly used HTML features,

including full text, title/header, email, emphasis word, meta data and address, have

already been listed. You can choose other HTML features by using a target expression

(Section 4.4.1). Before extracting the feature text from HTML documents, you should

also give a name for the feature select result. In our example, we select title/header and

use cs_depart_HT as the feature name.

Step 4: Use the Text Feature Selector to choose the featured keywords. (See C.4 for the

screen dump of Text Feature Selector.) You will see a list that shows the data set and

feature set combinations. Choose one or more from the list. In our case, we choose

cs_dapart_data(cs_depart_HT) from the list. Now you can choose the feature selection

method from the list:
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·  Remove words that occur in __ or fewer documents.

·  Remove words that occur less than __ times.

·  Remove all but the top __ words by selecting words with highest information gain.

Then you should also choose the feature representation method (word vector,

binary vector or integer vector). Then type a name for this feature set and click the select

button. In our example, we choose “Remove all but the top 50 words by selecting words

with highest information gain”  as the feature selection method, and we choose integer

vector as the feature representation method. We then use cs_depart_50InfoGain as the

feature set name.

Step 5: Start Learner Sever and register Learner Server on line. (See C.5 for the screen

dump of the Online Learner Server Registration Form.) Now suppose we write a Learner

Server and a Learner Wrapper for the MLC++ library that provides the learning

algorithm ID3 and K-Nearest-Neighbor and we start the server on cse.unl.edu:2000. Then

we can go to the AutoSHOE server registry page and complete the form as follows:

Server Name: MLC++ Host Name: cse.unl.edu Port: 2000

Algorithm: ID3 Type: Category Learner Represent: Binary

Algorithm: KNN Type: Category Learner Represent: Integer

Once Learner Sever is registered on AutoSHOE, it will immediately ready for use

from anywhere.

Step 6: Learn the SHOE’s Categorization Rules using the registered categorization

rules’  learners. (See C.6 for the screen dump of the Categorization Rule Learners.) A list
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is presented that shows the data set and feature set combinations. Choose one or more

from the list. In our example, we choose cs_dapart_data(cs_depart_50InfoGain) from

the list. You should also see a table that shows the registered learners with their

descriptions. Choose a suitable one and type in the name of the classifier and test-set

ratio. After you click submit, the AutoSHOE learner controller will send the data to the

corresponding learners (Section 4.5.2). The performance measurement will return to the

browser after some time. If you think that the classifier is accurate enough, you can save

the classifier by clicking the save button. 

Step 7: Learn the SHOE’s Relation Rules using the registered relation rules’  learners.

(See C.7 for the screen dump of the Relation Rule Learners.) Here you will see all the

target relations as well as the number of positive tuples that available in the database.

Choose a target relation that you want to learn. Then choose a suitable rule learner from

the learners’  table. After you click submit, the AutoSHOE Learner Controller will

automatically compose positive tuples, negative tuples and background relations (Section

3.3.3) and send to the corresponding learner. The rule sets for the target relation will

return to the browser after some time. If you think the rule sets are suitable to define the

target relation, you can save it by clicking on the save button.

5.2 Using AutoSHOE to Annotate New Pages

Once training is done, the annotation process is relatively simple. Three easy steps

will get a SHOE-annotated page.

·  Step 1: Use the Web Grabber to grab the web pages that you want to annotate. In this

case, you don’ t have to add selection constraints since the HTML document that

belongs to any particular ontology may contain any words. However, you should add
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other constraints, such as URL constraints, skip constraints, maximum distance and

maximum returns to limit the searching scope. The Web Grabber will return a list of

URLs that contain the web pages, which satisfy all the user’s requirements. Check

those URLs that belong to the ontology just learned and give the data set name, then

click the insert button to add the new pages to the database.

Step 2: Use the Query Controller to get the labels of the new pages and find the new

relations among the pages that you just grabbed. (See C.8 for the screen dump of the

Query Controllers.) This can be done by simply choosing a data set from the data set list

and choosing a classifier from the classifier table. Then click the Query button.

Step 3: Use the SHOE Annotator to create a SHOE-annotated web page.  (See C.9 for

the screen dump of the SHOE Annotator.) Simply select a data set from the data set list

and input the instance key. The SHOE Annotator will return a SHOE-annotated HTML

page.

5.3 Using AutoSHOE to Manipulate the Data

Users can use AutoSHOE to manipulate the data any time by Database

Administration Tool (See C.10 for the screen dump of Database Administration Tool.)

The Database Administration Tool allows user to view, insert, search, update and delete

any data in the database.  It also allows users to query the database using standard SQL

statements.
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5.4 A Case Study: Using AutoSHOE Framework to Learn cs-

depart-ontology

We demonstrated the applicability of the AutoSHOE by using it to produce a

classifier and rule sets for the computer science department ontology (cs-depart-ontology)

5.4.1 Training Data Collection

The Web Grabber searches the pages that have been annotated with the cs-depart-

ontology using the following input configuration:

·  Starting URL: http://www.cs.umd.edu/projects/plus/SHOE/

·  Host URL Constraints: cs.umd.edu; cs.washington.edu;cs.wisc.edu;cs.utexas.edu

·  File Type Constraints: .html,.htm,.php3,.shtml

·  Selection Constraints: cs-depart-ontology

·  Maximum Distance: 5

·  Max return:  5,000

The Web Grabber found 26 pages that satisfied the constraints.

Using the Data Collector parse category option, we collected the category instances as

shown in Table 5-1.

Table 5-1: Category Collection using the Parse Category Option

cs.Course cs.Student cs.Faculty cs.ResearchGroup Cs.Department cs.University

726 623 154 85 4 4

Using the parse relation option, we collected the relation instances as shown in Table

5-2.
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Table 5-2: Relation Collection using the Parse Relation Option

cs.subOrganization cs.teacherOf cs.memberOf

22 78 101

5.4.2 Setup the Learner Server

In our experiments, three different machine learning systems are used: Rainbow,

MLC++ and FOIL6.  Rainbow is a program that performs statistical text classification. It

classifies text using naive Bayes, Expectation Maximization etc. MLC++ is a machine

learning C++ library that provides almost all the commonly used machine learning

algorithms, such as C4.5, ID3, k-Nearest-Neighbor, naïve-Bayes, etc. FOIL6 is a first-

order relation learner. We wrote the Learning Server for Rainbow, MLC++ and FOIL6.

Rainbow and FOIL6 run on rcg6.unl.edu with operation system Linux Red Hat 6.0,

MLC++ runs on cse.unl.edu with operation system IRIX 5.2

5.4.3 Learning SHOE’s Categorization Rules

We used our framework to set up a testing environment to test different feature

selectors combined with different learners. The different combinations are given in Table

5-1.

Table 5-1: Different Combinations of Feature Selectors and Learners

HTML Feature Selection Text Feature Selection Learning Algorithm Learning System
Body text Document Frequency Naïve Bayes Rainbow
Header/ Title +/Emphasis
text

Information Gain ID3 MLC++

Document Occurrence k-Nearest-Neighbor MLC++

Preliminary experiments show that extracting the body text from HTML, then

using the Text Feature Selector to prune the terms that occur in less than six documents,
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then representing the rest of the text as a word vector to train the naive Bayes algorithm,

(provided by Rainbow) can produce a very accurate classifier. The detailed experiment is

shown as Figure 5-1.

Lear ni ng Syst em :  Rai nbow
HTML Feat ur e Sel ect i on :  Body
Text  Feat ur e Sel ect i on : Remove wor ds t hat  occur  i n 6 or  f ewer  document
Feat ur e Repr esent at i on :  wor d vect or
Lear ni ng Al gor i t hm :  naï ve Bayes

Exper i ment al  Resul t :
 -  Conf usi on det ai l s ,  r ow i s act ual ,  col umn i s pr edi ct ed
          c l assname   0   1   2   3  : t ot al
 0        cs. Cour se  53   .    1   1  :  55  96. 36%
 1       cs. Facul t y   .   20   1   .   :  21  95. 24%
 2 cs. Resear chGr oup   .    1  12   2  :  15  80. 00%
 3       cs. St udent    1   .    .   29  :  30  96. 67%
Per cent _Accur acy  aver age 94. 21%

Figure 5-1: The Best Classifier  Produced by AutoSHOE

Other experimental results are given in Appendix B. The experiments show that

on average the naïve Bayes from Rainbow is far better than the ID3 and k-Nearest-

Neighbor from MLC++. There are several reasons that could explain this phenomenon.

First of all, naïve Bayes has been proven naturally good at text classification [12].

Second, Rainbow is designed to perform statistical text classification, while MLC++ is a

library for general-purpose machine learning. Third, ID3 and K-Nearest-Neighbor require

the text document to be represented as an integer vector or a binary vector, which loses a

lot of information. Even though Rainbow is better than MLC++, we still include MLC++

in our system because it serves two purposes:

1. We have not theoretically proven that MLC++ is worse than Rainbow in every

ontology.

2. MLC++ demonstrates our framework flexibility, i.e. AutoSHOE can accommodate

any third party learner.
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5.4.4 Learning SHOE’s Relation Rules

In our training set, four relation rules are available: cs.name(Page,.STRING),

cs.teacherOf(page,page) , cs.subOrganization(Page,Page)  and cs.memberOf(Page,Page).

Notice that cs.name is not a binary relation between pages and cs.memberOf’s relation is

ambiguous. (It describes both the concept of “member of department”  and “member of

research group.” ) Thus, we ignore these two relations in our experiments.

The learned rule set for the relation teacherOf (x,y) and subOrganziation (x,y) is

shown in Figure 5-1.

cs. t eacher Of ( A, B)  : -  cs. cour se( B) ,  cs. f acul t y( A) ,  l i nkTo( C, A, B)
cs_subOr gani zat i on( A, B)  : -  cs_Resear chGr oup( A) ,  cs_Depar t ment ( B) ,
l i nkTo( C, A, B)
cs_subOr gani zat i on( A, B)  : -  cs_Resear chGr oup( A) ,  cs_Uni ver s i t y( B) ,
l i nkTo( C, A, B)

Figure 5-1: The Rule Sets Produced by AutoSHOE

The output rules sets are obviously correct, however it doesn’ t use any of the

clauses such as has_Word(link) and has_neighor_Word(link). This happened because the

way we choose positive examples, i.e. Relation(A,B), will be to choose as a positive tuple

if and only if there is a link between A and B and both A and B are labeled. This makes

FOIL choose only category(Page) and link(Hyperlink, Page, Page) to cover all the

positive tuples. However, this doesn’ t mean other background relations are not necessary.

For example, if we have the training data for the relation advisorOf(student, faculty), it is

unlikely that FOIL can cover all the positive tuples by simply using student(A), faculty(B)

,hyperlink(C,A,B) since a student page may link to many faculty pages, but only one is

his advisor’s page. In this case, the FOIL will have to use the clause has_advisor(link) or

has_neighbor_advisor(link) to construct the deduction rule set.
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5.4.5 Automatic Annotation of the Web Pages of the Computer

Science Department at the University of Nebraska-Lincoln

We used our trained classifier to annotate the web pages of the Computer Science

Department at the University of Nebraska-Lincoln. We use the Web Grabber to grab the

web pages that need to annotate in the following way:

·  Start URL: http://www.cse.unl.edu/Homepages/

·  Maximum Distance: 5 links from starting URL

·  URL Restriction: cse.unl.edu

·  File Size Restriction: More than 700 Bytes. We choose this size because if "file

not found," then the Internet Explorer 5 will return a page with 660 Bytes. We

believe a file of size less that 700 Bytes is less useful.

The Web Grabber returned about 640 pages. We choose the subset of the pages that

belong to Faculty, Student, Course or ResearchGroup as querying pages. Then we choose

the best classifier to classify these pages. The confusion matrix is shown as Table 5-1.

Table 5-1: The Confusion Matr ix for  Automatic Annotation of CS-UNL Web Pages

Facul t y St udent Cour se Resear chGr oup Tot al

Facul t y 10 6 0 0 62. 5%

St udent 2 66 2 0 94. 28%

Cour se 0 2 26 0 92. 85%

ReseachGr oup 0 1 0 0 0%

As we can see, the experiment shows a satisfactory result. However, notice that this

approach still needs a human’s involvement to pre-select the pages that belong to the cs-

depart-ontology for annotation. We can’ t fully annotate all the pages automatically for

the following reasons:
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·  The classifier was trained based on the closed-world assumption, i.e. all pages

belong to one of the categories in the ontology. In fact, most of the pages

collected do not belong to the ontology that we learned. For example, a student

puts his dreams from 1997 to 1999 on the web; it is obvious that we cannot use

cs-depart-ontology to classify such pages.

·  The single-page segment assumption: i.e., each instance of category is represented

by one page. When we train a classifier, we only give the primary page as the

training data. Moreover, the classifier only considers the content of the page and

doesn’ t care about its relationship with other pages. However, when we try to

label the new pages, the new page doesn’ t have to be the primary page. For

example, it is very common that a course page contains links that point to

examples of program source code. When the classifier looks at the content of a

single page without considering its relationship to the primary page, it will likely

get confused.



� �

Chapter 6 Conclusions and Further Development

The goal of this thesis was to create an online machine-learning center that can

automatically grab SHOE-annotated pages as training data, and use machine learning

techniques to learn a classifier and rule sets for a SHOE-defined ontology. As the

middeware between the complex machine learning systems and the end users,

AutoSHOE provides a uniform and easy to use environment so that even naïve users can

use this framework to learn an ontology and annotate the new pages. As a framework,

AutoSHOE is highly extendible; it allows new learning algorithms and feature selection

algorithms to be added into the system dynamically. AutoSHOE is highly sharable; it

allows the training data, feature selectors, learners to be located anywhere on the web,

and the training results can be accessed from anywhere through the web. AutoSHOE is

also highly customizable; it allows the users to tailor the interfaces to the external

entities. Finally, our AutoSHOE prototype successfully proves the concept of an online

machine learning center.

Currently AutoSHOE is still in the developing stage and can be expanded and

improved in many ways. Following are some suggestions for further development.

1. Currently AutoSHOE only uses regular expressions to extract text by HTML

structure and pattern matching. More information extraction techniques can be used

in this field. There are many potential approaches for this problem. For example,

hidden Markov model (HMM) could be used to extract a research paper’s title,

author, abstract, reference etc. [23] and FOIL could be used to extract the authors of

the web pages [10].
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2. AutoSHOE only takes SHOE ontology annotation pages as training data and doesn’ t

consider the information provided by SHOE ontology construction tags. In fact,

SHOE’s ontology construction tags describe the hierarchy relation of the categories.

With the ontology construction information, we can classify the web pages in

different detail levels. For example, given the ontology construction:

<DEF- CATEGORY NAME=" Wor ker "  I SA=" Per son" >
<DEF- CATEGORY NAME=" Facul t y"  I SA=" Wor ker " >
<DEF- CATEGORY NAME=" Assi st ant "  I SA=" Wor ker " >
<DEF- CATEGORY NAME=" St udent "  I SA=" Per son" >
<DEF- CATEGORY NAME=" Post Doc"  I SA=" Facul t y" >
<DEF- CATEGORY NAME=" Lect ur er "  I SA=" Facul t y" >
<DEF- CATEGORY NAME=" Pr of essor "  I SA=" Facul t y" >

…

We can label the same page as a “Person,”  a “Worker,”  a “Faculty,”  or a

“Professor.”  In the further development of the framework, we need to consider the

information provide by SHOE’s construction tags.

3. As we saw in the experiments, in order to use a trained classifier to classify a new

page, we must first manually select those pages that belong to the ontology we

learned. This process may be automated by machine learning, i.e. we can train a

binary classifier to determine whether a page belongs to a particular ontology or not,

then use another classifier to determine the label of this page.

4. In the current AutoSHOE system, all the classifiers only look at the contents of one

page. None of them considers the information provided by the hyperlinks among the

pages. It is worthwhile to try a new classifier which uses both the content of the page

and the links among the pages.

5. AutoSHOE can incorporate any number of classifiers, but each classifier works

separately. We want some ways to combine these learners. We may consider
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bagging[24], boosting [25] or weighted majority [26] as combination methods to

improve classification accuracy.

As a machine learning framework, we expect that AutoSHOE can be tailored and

used in different application domains. In the near future, we may apply it to the web page

geographical indexing (GeoIndex) project. This project tries to annotate web pages with

geographical information. Geographical information is naturally organized in a

hierarchical way, making it possible to design a well-defined SHOE ontology. Once the

ontology is built, we will let humans manually label a small number of web pages, then

use AutoSHOE to learn this ontology and annotate new pages. The auto-annotated pages

will be verified by humans and the correct results will be inserted into the database as

new training data. We believe AutoSHOE could help us build an automatic geographical

web indexing system.

Finally, note that SHOE is just one of the approaches of using XML to annotate

HTML pages. HTML is designed for humans to read and XML is designed for computers

to “ read.”  Thus, our ultimate goal will be to let the machine learn from any XML-

annotated pages and label new HTML pages automatically.



� �

Reference

[1] Jeff Heflin, James Hendler, and Sean Luke SHOE: A Knowledge Representation

Language for Internet Applications, Technical Report CS-TR-4078 (UMIACS TR-99-

71). 1999.

[2] Jeff Heflin, James Hendler, and Sean Luke. Applying Ontology to the Web: A Case

Study. International Work-Conference on Artificial and Natural Neural Networks,

IWANN'99. 1999

[3] Sean Luke, Lee Spector, and David Rager. Ontology-Based Knowledge Discovery on

the World-Wide Web. AAAI96 Workshop on Internet-based Information Systems

[4] Jeff Heflin. The SHOE Knowledge Annotator.

http://www.cs.umd.edu/projects/plus/SHOE/KnowledgeAnnotator.html. Last review May

1, 2000.

[5] J.R. Quinlan and R.M. Cameron-Jones. FOIL: a midterm report, 3-20. Proceedings

European Conference on Machine Learning, Springer Verlag. 1993.

[6] J.R. Quinlan. FOIL: a relation learner. ftp://ftp.cs.su.oz.au/pub. Last review May 3,

2000.

[7] Jeff Heflin. The Computer Science Department Ontology.

http://www.cs.umd.edu/projects/plus/SHOE/onts/cs1.1.html. Last review May 1, 2000.

[8] McCallum, Andrew Kachites. Bow: A toolkit for statistical language modeling, text

retrieval, classification and clustering. http://www.cs.cmu.edu/~mccallum/bow. 1996.



� �

[9] Machine Learning Library in C++. http://www.sgi.com/Technology/mlc/.  Last

review May 1, 2000.

[10] M. Craven, D. DiPasquo, D. Freitag, A. McCallum, T. Mitchell, K. Nigam and S.

Slattery. Learning to Extract Symbolic Knowledge from the World Wide Web.

 Proceedings of the 15th National Conference on Artificial Intelligence (AAAI-98).

[11] Jeff Heflin, Sean Luke, James Hendler, Lee Spector and David Rager. Simple

HTML Ontology Extension (SHOE). http://www.cs.umd.edu/projects/plus/SHOE. Last

review May 1, 2000.

[12] Tom Mitchell, Machine Learning, Mcgraw-Hill Publishing Company, 1997.

[13] Dayne Freitag, Rayid Ghani, Rosie Jones, Andrew McCallum, Tom Mitchell, Dunja

Mladenic, Kamal Nigam, Sean Slattery. World Wide Knowledge Base (Web->KB).

http://www.cs.cmu.edu/~webkb/. Last review May 1, 2000.

[14] Philippe A. Martin. The WebKB set of tools.

http://meganesia.int.gu.edu.au/~phmartin/WebKB/. Last review May 1, 2000.

[15] Yiming Yang, Jan O.Pederson. A Comparative Study on Feature Selection in Text

Categorization. In International Conference on Machine Learning (ICML) 1997.

[16] Domingos, P. and Pazzani,M. Beyond independence: Conditions for the optimality

of the simple Bayesian classifier. Proceedings of the 13th International Conference on

Machine Learning (pp. 105-112), 1996.

[17] J.R. Quinlan. Induction of decision trees. Machine Learning 1(1), 81-106, 1986.



� �

[18] J.R. Quinlan. C4.5: Programs for Machine Learning. San Mateo, CA: Morgan

Kaufmann. 1993.

[19] Giovanni Semeraro, Floriana Esposito, Donato Malerba, Clifford Brunk, Michael

Pazzani: Avoiding Non-Termination when Learning Logical Programs: A Case Study

with FOIL and FOCL. In Laurent Fribourg, Franco Turini (Eds.): Logic Programming

Synthesis and Transformation - Meta-Programming in Logic. 4th Internation Workshops,

LOPSTR'94 and META'94, Pisa, Italy, June 20-21, 1994, Proceedings. Lecture Notes in

Computer Science, Vol. 883, Springer.

[20] Mike Pazzani, Dennis Kibler, and Clifford Brunk.  FOCL.

http://www.ics.uci.edu/~mlearn/FOCL.html. Last modified: July 18, 1994.

[21] T.c.X. DataConsultAB. MySQL. http://www.mysql.com. Last review: May 1, 2000.

[22] Perl 5 Regular Expression. http://www.perl.com. Last review: May 1, 2000.

[23] Andrew McCallum, Kamal Nigam and Jason Rennie. Building Domain-Specific

Search Engines with Machine Learning Techniques. In AAAI-99 Spring Symposium on

Intelligent Agents in Cyberspace 1999.

[24] Leo Breiman.  Bagging predictors.  Machine Learning, 24(2):123-140, 1996.

[25] Robert E. Schapire and Yoram Singer. Improved boosting algorithms using

confidence-rated predictions.  Machine Learning, 37(3):297-336, December

1999.

[26] Nick Littlestone and Manfred Warmuth. The weighted majority algorithm.

Information and Computation, 108:212-261, 1994.



� �

Appendix A: Learning Algorithms Used in This Thesis

A.1 Naïve-Bayes Text Classifier

LEARN_NAÏ VE_BAYES_TEXT( Exampl es,  V)
Descr i pt i on:  t hi s f unct i on l ear ns t he pr obabi l i t y  t er ms
P( wk| v j ) ,  descr i bi ng t he pr obabi l i t y  t hat  a r andoml y dr awn
wor d f r om a document  i n c l ass v j  wi l l  be t he Engl i sh wor d wk

Exampl es : a set  of  t ext  document s al ong wi t h t hei r  t ar get
val ues.
V : t he set  of  al l  possi bl e t ar get  val ues.
Ret ur n : t he c l ass per i od pr obabi l i t i es P( v j )
1.  Col l ect  al l  wor ds,  punct uat i on,  and ot her  t okens t hat

occur  i n Exampl es
·  Vocabul ar y Ç  t he set  of  al l  di st i nct  wor ds and ot her

t okens occur r i ng i n any t ext  document  f r om Exampl es
2. Cal cul at e t he r equi r ed P( v j )  and P( wk| v j )  pr obabi l i t y
t er ms
·  For  each t ar get  val ue v j  i n V do

·  Docs j  Ç  t he subset  of  document s f r om Exampl es f or
whi ch t he t ar get  val ue i s v j

·  Text j  Ç  a s i ngl e document  cr eat ed by concat enat i ng al l
member  of  docSj

·  n Ç  t ot al  number  of  di st i nct  wor d posi t i ons i n Text j

·  f or  each wor d wk i n vocabul ar y
·  nk Ç  number  of  t i mes wor d wk occur s i n Text j

CLASSI FY_NATI VE_BAYES_TEXT ( Doc)
Ret ur n t he est i mat ed t ar get  val ue f or  t he document  Doc,  aj

denot es t he wor d f ond i n t he i t h posi t i on wi t hi n Doc
·  posi t i ons Ç  al l  wor d posi t i ons i n Doc t hat  cont ai n

t okens
·  Ret ur n VNB,  wher e

||

||
)(

Examples

docS
vP j

j ¬

||
|1|

)|(
Vocabularyn

n
vwP k

jk +
+

¬·

Õ
ÎÎ
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j

)|()(maxarg
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A.2 ID3 Algorithm

Deci si on_Tr ee_Root
I D3( Exampl es, Tar get _at t r i but e, At t r i but es)
Exampl es : t r ai ni ng exampl es.
Tar get _at t i but e : t he at t r i but e whose val ue i s t o be
pr edi ct ed by t he t r ee.
At t r i but e : a l i s t  of  ot her  at t r i but es t hat  may be
t est ed by t he l ear ned deci s i on t r ee.
Ret ur n : a deci s i on t r ee t hat  cor r ect l y c l assi f i es
t he gi ven Exampl es
·  Cr eat e a Root  node f or  t he t r ee
·  I f  al l  Exampl es ar e posi t i ve,  r et ur n t he s i ngl e- node t r ee

Root ,  wi t h l abel  =+
·  I f  al l  Exampl es ar e negat i ve,  r et ur n t he s i ngl e- node t r ee

Root ,  wi t h l abel  =-
·  I f  At t r i but es i s empt y,  r et ur n t he s i ngl e- node t r ee Root ,

wi t h l abel  = most  common val ue of  Tar get _at t r i but e i n
Exampl es

·  El se Begi n
·  A Ç  t he at t r i but e f r om At t r i but es t he best *  c l assi f i es

Exampl es
·  The deci s i on at t r i but e f or  Root  Ç  A
·  For  each possi bl e val ue,  v i ,  of  A.

·  Add a new t r ee br anch bel ow Root ,  cor r espondi ng t o
t he t est  A = v i

·  Let  Exampl esVi  be t he subset  of  Exampl es t hat  have
val ue v I  f or  A

·  Let  Exampl eSi  i s  empt y
·  Then bel ow t he new br anch add a l eaf  node wi t h

l abel  = most  common val ue of  Tar get _at t r i but e i n
Exampl es

·  El se bel ow t hi s new br anch add t he subst r ee
I D3( Exampl eSv I ,  Tar get _at t r i but e, At t r i but es –

{ A} ) )
·  End
·  Ret ur n Root
*  The best  c l assi f i er  can be det er mi ned by i nf ogai n,  whi ch
i s cal cul at ed as:

å
Î

-=
)(

)(
||

||
)(),(

AValuesv

v SEntropy
S

S
SEntropyASGain

wher e ent r opy i s cal cul at ed as:  å
=

-=
c

i
ii ppSEntropy

1
2log)(
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A.3 K-Nearest-Neighbor Algorithm

Tr ai ni ng al gor i t hm:
·  For  each t r ai ni ng exampl e ( x, f ( x) ) , add t he exampl e

t o t he l i s t  t r ai ni ng_exampl es

Cl assi f i cat i on al gor i t hm:
·  Gi ven a quer y i nst ance xq t o be cl assi f i ed
·  Let  x1…xk denot e t he k i nst ances f r om

t r ai ni ng_exampl es t hat  ar e near est  t o xq,  t hen

Wher e d( a, b) =1 i f  a=b and d( a, b) =0 ot her wi se

å
=Î

¬
k

i
i

Vv
q xfvxf

1

))(,(maxarg)( d
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A.4 FOIL Algorithm

I ni t i al i zat i on:
Theor y : = nul l  pr ogr am
Remai ni ng : = al l  posi t i ve t upl es of  t ar get  r el at i on R

Whi l e r emai ni ng i s not  empt y
Cl ause : = R( A, B)
Whi l e c l ause cover s negat i ve t upl es of  R

Fi nd appr opr i at e l i t er al ( s)  L ( e. g.  t o excl ude
some negat i ve t upl es)
Add L t o r i ght - hand si de of  c l ause

Remove posi t i ve t upl es cover ed by c l ause f r om
r emai ni ng

Add cl ause t o t heor y



� �

Appendix B: AutoSHOE Experimental Results of

Learning cs-depart-ontology Categorization Rules

This appendix shows the experimental results of using supervised classification

learning to learn the ontology cs-depart-ontology. All the experiments use 0.2 data in data

set as test set.  In experimental result lists, body text means the text between <body> and

</body>, Title+Header+U+B+I means the text between the tag <title> and </title>,

<hn> and </hn> (n=1,2,3,4) ,<B> and </B>,<I> and </I>,<U> and </U>

Lear ni ng Syst em :  Rai nbow
HTML Feat ur e Sel ect i on :  Body Text
Text  Feat ur e Sel ect i on :  not  used
Feat ur e Repr esent at i on :  wor d vect or
Lear ni ng Al gor i t hm :  naï ve Bayes

Exper i ment al  Resul t :
Cor r ect :  108 out  of  121 ( 89. 26 per cent  accur acy)
 -  Conf usi on det ai l s ,  r ow i s act ual ,  col umn i s pr edi ct ed
          c l assname   0   1   2   3  : t ot al
 0        cs. Cour se  54   .    .    1  :  55  98. 18%
 1       cs. Facul t y   .   17   4   .   :  21  80. 95%
 2 cs. Resear chGr oup   .    3   8   4  :  15  53. 33%
 3       cs. St udent    1   .    .   29  :  30  96. 67%

Per cent _Accur acy  aver age 89. 26%

Lear ni ng Syst em :  Rai nbow
HTML Feat ur e Sel ect i on :  Body Text
Text  Feat ur e Sel ect i on :  Remove al l  but  t he t op 50 wor ds by sel ect i ng
wor ds wi t h hi ghest  aver age mut ual  i nf or mat i on.
Lear ni ng Al gor i t hm :  naï ve Bayes
Exper i ment al  Resul t :
Cor r ect :  109 out  of  121 ( 90. 08 per cent  accur acy)
 -  Conf usi on det ai l s ,  r ow i s act ual ,  col umn i s pr edi ct ed
          c l assname   0   1   2   3  : t ot al
 0        cs. Cour se  50   3   1   1  :  55  90. 91%
 1       cs. Facul t y   2  19   .    .   :  21  90. 48%
 2 cs. Resear chGr oup   1   .   12   2  :  15  80. 00%
 3       cs. St udent    .    .    2  28  :  30  93. 33%
Per cent _Accur acy  aver age 90. 08%
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Lear ni ng Syst em :  Rai nbow
HTML Feat ur e Sel ect i on :  Body Text
Text  Feat ur e Sel ect i on :  Remove wor ds t hat  occur  i n 6 or  f ewer
document
Feat ur e Repr esent at i on :  wor d vect or
Lear ni ng Al gor i t hm :  Naï ve Bayes

Exper i ment al  Resul t :
Cor r ect :  113 out  of  121
-  Conf usi on det ai l s ,  r ow i s act ual ,  col umn i s pr edi ct ed
          c l assname   0   1   2   3  : t ot al
 0        cs. Cour se  53   .    1   1  :  55  96. 36%
 1       cs. Facul t y   .   20   1   .   :  21  95. 24%
 2 cs. Resear chGr oup   .    1  12   2  :  15  80. 00%
 3       cs. St udent    1   .    .   29  :  30  96. 67%
Per cent _Accur acy  aver age 94. 21%

Lear ni ng Syst em :  Rai nbow
HTML Feat ur e Sel ect i on :  Header +Ti t l e+U+B+I
Text  Feat ur e Sel ect i on :  not  used
Feat ur e Repr esent at i on :  wor d vect or
Lear ni ng Al gor i t hm :  Naï ve Bayes

Exper i ment al  Resul t :
Cor r ect :  89 out  of  121

-  Conf usi on det ai l s ,  r ow i s act ual ,  col umn i s pr edi ct ed
          c l assname   0   1   2   3  : t ot al
 0        cs. Cour se  54   .    0   0  : 55  97. 26%
 1       cs. Facul t y   6  23   .    2  :  31  74. 19%
 2 cs. Resear chGr oup  14   2  15   2  :  33  45. 45%
 3       cs. St udent   42   .    2  40  :  84  47. 62%

Per cent _Accur acy  aver age 74. 83
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Lear ni ng Syst em :  Rai nbow
HTML Feat ur e Sel ect i on :  Header +Ti t l e+U+B+I
Text  Feat ur e Sel ect i on :  Remove al l  but  t he t op 50 wor ds by sel ect i ng
wor ds wi t h hi ghest  aver age mut ual  i nf or mat i on.
Lear ni ng Al gor i t hm :  Naï ve Bayes

Exper i ment al  Resul t :
Cor r ect :  84 out  of  121
-  Conf usi on det ai l s ,  r ow i s act ual ,  col umn i s pr edi ct ed
          c l assname   0   1   2   3  : t ot al
 0        cs. Cour se  54   .    .    1  :  55  97. 95%
 1       cs. Facul t y  12  17   1   1  :  31  54. 84%
 2 cs. Resear chGr oup  17   4   7   5  :  33  21. 21%
 3       cs. St udent   41   .    2  41  :  84  48. 81%

Per cent _Accur acy  aver age 70. 75%

Lear ni ng Syst em :  Rai nbow
HTML Feat ur e Sel ect i on :  Header +Ti t l e+U+B+I
Text  Feat ur e Sel ect i on :  Remove al l  wor ds t hat  occur  i n 6 or  f ewer
document
Lear ni ng Al gor i t hm :  Naï ve Bayes

Exper i ment al  Resul t :
Cor r ect :  89 out  of  121
-  Conf usi on det ai l s ,  r ow i s act ual ,  col umn i s pr edi ct ed
          c l assname   0   1   2   3  : t ot al
 0        cs. Cour se  54   .    .    1  :  55  97. 95%
 1       cs. Facul t y  10  19   2   .   :  31  61. 29%
 2 cs. Resear chGr oup  12   2  15   4  :  33  45. 45%
 3       cs. St udent   39   1   2  42  :  84  50. 00%

Per cent _Accur acy  aver age 74. 49%
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Lear ni ng Syst em :  MLC++
HTML Feat ur e Sel ect or :  Body Text
Text  Feat ur e Sel ect i on :  Remove al l  but  t he t op 50 wor ds by sel ect i ng
wor ds wi t h hi ghest  aver age mut ual  i nf or mat i on.
Feat ur e Repr esent at i on :  Bi nar y Vect or
Lear ni ng Al gor i t hm :  I D3

Exper i ment  Resul t :
Number  of  t est  CATEGORI ES:  121.
Number  cor r ect :  86.   Number  i ncor r ect :  35

( a)       ( b)       ( c)       ( d)       <- -  c l assi f i ed as
- - - - - - - -  - - - - - - - -  - - - - - - - -  - - - - - - - -
   26. 00     4. 00     0. 00     0. 00    ( a) :  c l ass cs_St udent
    0. 00    39. 00     5. 00    11. 00    ( b) :  c l ass cs_Cour se
    0. 00     4. 00    11. 00     0. 00    ( c) :  c l ass cs_Resear chGr oup
    0. 00    11. 00     0. 00    10. 00    ( d) :  c l ass cs_Facul t y
Per cent _Accur acy  aver age 71. 07%

Lear ni ng Syst em :  MLC++
HTML Feat ur e Sel ect or :  Body Text
Text  Feat ur e Sel ect i on :  Remove al l  but  t he t op 50 wor ds by sel ect i ng
wor ds wi t h hi ghest  aver age mut ual  i nf or mat i on.
Feat ur e Repr esent at i on :  I nt eger  Vect or
Lear ni ng Al gor i t hm :  I D3

Exper i ment  Resul t :
Number  of  t est  CATEGORI ES:  121.   .
Number  cor r ect :  83.   Number  i ncor r ect :  38
Di spl ayi ng conf usi on mat r i x . . .
   ( a)       ( b)       ( c)       ( d)       <- -  c l assi f i ed as
- - - - - - - -  - - - - - - - -  - - - - - - - -  - - - - - - - -
   26. 00     4. 00     0. 00     0. 00    ( a) :  c l ass cs_St udent
    0. 00    35. 00     5. 00    15. 00    ( b) :  c l ass cs_Cour se
    0. 00     4. 00    10. 00     1. 00    ( c) :  c l ass cs_Resear chGr oup
    0. 00     9. 00     0. 00    12. 00    ( d) :  c l ass cs_Facul t y

Per cent _Accur acy  aver age 68. 59%
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Lear ni ng Syst em :  MLC++
HTML Feat ur e Sel ect or :  Body Text
Text  Feat ur e Sel ect i on :  Remove al l  but  t he t op 50 wor ds by sel ect i ng
wor ds wi t h hi ghest  aver age mut ual  i nf or mat i on.
Feat ur e Repr esent at i on :  I nt eger  Vect or
Lear ni ng Al gor i t hm :  K- near est - nei ghbor

Exper i ment  Resul t :
Number  of  t est  CATEGORI ES:  121.   .
Number  cor r ect :  95.   Number  i ncor r ect :  26
Di spl ayi ng conf usi on mat r i x . . .
   ( a)       ( b)       ( c)       ( d)       <- -  c l assi f i ed as
- - - - - - - -  - - - - - - - -  - - - - - - - -  - - - - - - - -
   29. 00     1. 00     0. 00     0. 00    ( a) :  c l ass cs_St udent
    0. 00    54. 00     0. 00     1. 00    ( b) :  c l ass cs_Cour se
    1. 00     8. 00     6. 00     0. 00    ( c) :  c l ass cs_Resear chGr oup
    0. 00    15. 00     0. 00     6. 00    ( d) :  c l ass cs_Facul t y
Per cent _Accur acy  aver age 78. 51%

Lear ni ng Syst em :  MLC++
HTML Feat ur e Sel ect or :  Body Text
Text  Feat ur e Sel ect i on :  Remove al l  but  t he t op 50 wor ds by sel ect i ng
wor ds wi t h hi ghest  aver age mut ual  i nf or mat i on.
Feat ur e Repr esent at i on :  I nt eger  Vect or
Lear ni ng Al gor i t hm :  K- near est - nei ghbor

Exper i ment  Resul t :
Number  of  t est  CATEGORI ES:  121.   .
Number  cor r ect :  96.   Number  i ncor r ect :  25
   ( a)       ( b)       ( c)       ( d)       <- -  c l assi f i ed as
- - - - - - - -  - - - - - - - -  - - - - - - - -  - - - - - - - -
   29. 00     1. 00     0. 00     0. 00    ( a) :  c l ass cs_St udent
    0. 00    54. 00     0. 00     1. 00    ( b) :  c l ass cs_Cour se
    1. 00     8. 00     6. 00     0. 00    ( c) :  c l ass cs_Resear chGr oup
    0. 00    15. 00     0. 00     6. 00    ( d) :  c l ass cs_Facul t y
Per cent _Accur acy  aver age 79. 33%
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Appendix C: Screen Dumps of AutoSHOE

C1: The Web Grabber
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C.2: The Data Collector
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C.3: The HTML Feature Selector
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C.4: The Text Feature Selector
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C.5 The Online Learning Server Registration Form
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C.6 The Categorization Rule Learners



� �

C.7 The Relation Rule Learner
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C.8 The Query Controller



� �

C.9 The SHOE Annotator
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C.10 Database Administration


