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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.



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 naive Bayes agorithm 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 teacher Of. 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 exponentia 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 Y ahoo! 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 norma 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 a. 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



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 afirst 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 aso 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 isimpractical to require all web page authors to annotate
thelr 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 afootball 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.



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, severa genera-
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
caled 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 usualy 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



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,
AUutoSHOE 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 ssimply 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



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 mode, 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



“plugged in” three different learning systems: Rainbow [8], MLC++ [9] and FOILG [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 naive-Bayes. FOILG6 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 agorithm 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 a gorithm.

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
teacher Of(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.



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). Finaly, we will conclude the thesis and describe future work in

Chapter 6.



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 afeature of the category). A web page is an instance of a particular ontology

if it belongs to one of the categoriesin 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



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 relati

on Teacher.Of etc. A

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

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

! Ontoloav
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1 Name:
' Home.Page:
! [
: [ I I 1
1 Department Person Activity Other
: M embers.Of .Dept Department.Of:
: Proj ects.Of:
1 Age.Of
1
[ [
' I 1 I 1
: Student Faculty Resear ch.Project Course
| Courses. TAed.By: advi sorOf M embers.Of.Proj Instructors.Of:
: publicationOf Pls.Of: TAs.Of:
1 members.of. I Depart \
1
1
1

/ ¢ | nstances \
class: Student Class: Faculty Class:. course
Relation:
teacherOf:
[} [} [}
[} : [}
[} [} [}
T poTTTTTTTTTTTTT T T T T T T !
: v v Web Pades v !
i QingFeng Lin's Scott’s Home page i
: Home page Student: /CéCE 496 Home page l
! | am a graduate /v QingFeng Lin
i student. / ne Office Hour !
! My graduate / Teach . Slide i
! advisor is Dr. Sco Fall 1999: CSCE 496/896 Machine :
| E— Learnina !

Figure 2-1: A Simple University Ontology



2.2 Simple HTML Ontology Extension (SHOE)

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



<!l--Here we indicate that this docunent is conformant with SHOE 1.0 -->

<META HTTP- EQUI V="SHOE" CONTENT="VERSI ON=1. 0" >
<TI TLE> Qur CS Ontol ogy </ TITLE>

</ HEAD>

<BODY>

<l-- Here we declare the ontol ogy's nane and version -->
<ONTOLOGY | D="cs- dept - ont ol ogy" VERSI ON="1.0">

<l-- Here we declare that we're borrow ng from anot her ontology -->
<USE- ONTOLOGY | D="base-ont ol ogy" VERSI ON="1.0" PREFI X="base"
URL="htt p: // www. cs. und. edu/ proj ect s/ pl us/ SHOE/ base. ht n " >

<l-- Here we lay out our category hierarchy -->

<DEF- CATEGORY NAME="Or gani zation" | SA="base. SHOECat egory" >
<DEF- CATEGORY NANME=" Per son" | SA="base. SHCECat egory" >
<DEF- CATEGORY NAME="Resear chG oup" | SA="Organi zati on">
<DEF- CATEGORY NAME="Departnent” | SA="Crgani zation">
<DEF- CATEGORY NAME="Facul ty" | SA="Wbrker">

<DEF- CATEGORY NAME="Assi stant" | SA="Worker" >

<DEF- CATEGORY NAME="St udent" | SA="Person">

<DEF- CATEGORY NAME="Post Doc" | SA="Facul ty">

<DEF- CATEGORY NAME="Lecturer" | SA="Faculty">

<DEF- CATEGORY NAME="Prof essor" | SA="Facul ty">

<DEF- CATEGORY NAME=" G aduat eSt udent” | SA=" St udent " >
<DEF- CATEGORY NAME="Under gr aduat eSt udent " | SA="St udent ">

Figure 2-1: Defining Categorization Rulesusing SHOE’s Construction Tags
Now, let's add some simple relationships between elements of different

categories.
An advisor advises students,
faculty teaches cour ses,
organizations have members,
astudent’s ageisanumber, and
everything can have anamewhich isastring.

Figure 2-3 illustrates how to represent these relationsin SHOE




<l-- And now we lay out our relationships between categories -->

<DEF- RELATI ON NAME=" advi sor O " >
<DEF- ARG PCS="1" TYPE="Student">
<DEF- ARG PCS="2" TYPE="Pr of essor">

</ DEF- RELATI ON\>

<DEF- RELATI ON NAME="t eacher O " >

<DEF- ARG PCS="1" TYPE="Facul ty">
<DEF- ARG POS="2" TYPE="Course">

</ DEF- RELATI ON\>

<DEF- RELATI ON NAMVE="nenber & " >
<DEF- ARG PCS="1" TYPE="Organi zati on">
<DEF- ARG POS="2" TYPE="Person">

</ DEF- RELATI ON\>

<l-- Lastly, we lay out our other relationships -->

<DEF- RELATI ON NAME="age" >

<DEF- ARG PCS="1" TYPE="Person">
<DEF- ARG PCS="2" TYPE=". NUMBER'>

</ DEF- RELATI ON\>

<DEF- RELATI ON NAME=" nane" >
<DEF- ARG PCS="1" TYPE="base. SHOECat egory" >
<DEF- ARG PCS="2" TYPE=". STRI NG'>

</ DEF- RELATI ON>

</ ONTCLOGY>

Figure 2-2: Defining Relation Rulesusing SHOE's Construction Tags
2.2.2 Web Page Annotation Tags

Web Page Annotation Tags describe the ontology to which aweb 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.




<HTM_>
<HEAD>
<TITLE> Q ng Feng Lin's hone page</ Tl TLE>
</ HEAD>
<BODY>
<P> Hi, this is QngFeng Lin's web page.
| am a graduate student and a research assistant.

<P> Also, 1©m 26 years ol d.
<P> Here is a pointer to ny <A

HREF="htt p://ww. cs. unl . edu/ ~sscott"> graduate advi sor, Dr. Scott</A>
<pP>
</ BODY>
</ HTM.>

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.

<l --SHOE use an instance key to unique identify one instance-->
<I NSTANCE KEY="http://ww. cs.unl.edu/ ~qgflin">

<l-- Tell the agent which ontol ogy we@re using to structure those
facts--->

<USE- ONTOLOGY | D="cs- dept - ont ol ogy"

URL="htt p: // www. cs. und. edu/ proj ect s/ pl us/ SHOE/ ont s/ cs. htm "

VERSI ON="1. 0" PREFI X="cs" >

<l-- categorize the instance weCe declaring on this web page -->

<CATEGORY NAME="cs. GraduateStudent™ for="http://ww. cs. unl.edu/~qflin”>
<CATEGORY NAME="cs. Resear chAssi stant™"
for="http://ww.cs.unl.edu/~qgflin>
<I—+tell web robots about relationships -->
<RELATI ON NAME="cs. nane" >

<ARG POS=FROM VALUE=htt p://wwv. cs. unl . edu/ ~qgfl i n>
<ARG POS=TO VALUE="Q ngFeng Lin">
</ RELATI ON>
<RELATI ON NAME="cs. age" >
<ARG POS=FROM VALUE=htt p://wwv. cs. unl . edu/ ~qgfl i n>
<ARG POS=TO VALUE="26"> </ RELATI O\>
<RELATI ON NAME="cs. advi sor" >

<ARG POS=FROM VALUE=ht t p: / / ww. cs. unl . edu/ ~gf | i n>
<ARG POS=TO VALUE="http://ww. cs. unl . edu/ ~sscott">
</ RELATI ON>

Figure 2-2: An Example of a SHOE-Annotated Web Page
The above examples illustrate the basic ideas of SHOE. SHOE aso 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].




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 tasksin 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 agorithms. For

example, Rainbow, MLC++ and FOILG6 are learning systems.

Learning algorithm or learner: The algorithm that does the learning. 1D3, naive-Baye,

and FOIL arelearning algorithms or learners.



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 |abel or category.

Dataset: A set of labeled instances, all associated with the same attribute schema. A
training set is a dataset on which alearning agorithm istrained. A test set is a dataset on

which alearning algorithm is tested.

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

induction algorithm induces a classifier from atraining 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].



2.4.1 World Wide Knowledge Base (Web ¢ KB) Project

The goa of the Web: 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. Web: 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) alows users to store, organize and retrieve
knowledge or any textual/HTML datain Web-accessiblefiles.
There are severa 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.



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 alows 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.



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

|ast column labeled as “%” is calculated as:

% - NC (C)
NC



where N¢(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.

Colum is actual class and row is classifier’'s predictions

classnamée A B C :total
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 Matrix

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,




this case, the attributes will be sex (male, femae), annual income (integer vaue) and
marital status (single, marry), etc. and the label of the instance will be accept or reject. So
a labeled instance is like <25,Mae, $45000, single | approve> or <28,Female, $2,000,
single | rgject>. The set of labeled instances that we give the induction algorithm is called
atraining set. Given atraining 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.

<Category for =*URL” name ="“name’ >

v v

Induction
HTML Feature Text L abel Algorithm
Text Feat Z d Classifier
ext Feature Keywords .
*Perfor mance I';];baiigs
measur e
A 4
Feature Vector
Labeled I nstance Database

Figure 3-1: Learning SHOE’s Categorization Rules



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 egory nane ="category nanme” value =“*URL of the 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.



3.23.1 Extracting Feature Text from an HTML Document

Thefirst 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 isall the text in the HTML document except the HTML tags.

The title/lheadings 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 aweb 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 ailmost 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



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 aterm 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 globa performance.

3.2.3.2.2 Word Occurrence Thresholding
This approach ssmply 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,



it is different. For example, if aterm 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 aterm in adocument [15]. Let {cI " denote the set

of categoriesin the target space. The information gain of term t is defined to be:

G(t) =-a, P(c)logP(c) +P1)a " P(c t)logP(c [t)+ PM)A " P(c [t)logP(c |t)

where P(¢) is the probability of the category ¢; occurring in the ontology, and P(t) is the
probability that t occursin al the text collection, P(ci|t) is the probability that a category
isci given that the term t appears and P(c, |t) is the probability that a category is ¢ given
that the term t does not appear

Given atraining 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

sel ection 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

3.0



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 asaWord Vector
Word vector is the most straightforward way to represent text; it smply 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 naive-Bayes

algorithm (Section 3.2.4.1).

3.23.3.2 Represent Text asaBinary Vector

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

is true for an instance ('jif and only if ('jcontai ns the word w. For example, consider
following the two paragraphs:

Thisis paragraph one; it contains the word “one”

Thisis 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 aword 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 alearner isID3 (Section 3.2.4.2)



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 occursin 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

astraining data. An example of such alearner 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 Naive Bayes Classifier
The naive Bayes approach to classify plain text has been used very widely [12].

This method is based on Bayes' theorem, which states that:

P(D|C)P(C)
P(D)

P(C, |D) =

where P(C;) denotes the initial probability that an instance will be classified as C;.

P(D) denotes the prior probability that training data D will be observed. P(D|C;) denotes



the probability of observing data D when it belongs to class C;, and P(Ci|D) denotes the

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

The naive Bayes classifier is based on the assumption that probability of a word
occurring in a document given the document class C; is independent of the probability of

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

Ci): O P(Wi‘cj)

P(Wl,...,Wn

where (Wi,...,Wy) = D. Thus, this classifier picks the most likely classification ¢
given by:

c = argmaxP(cJ.|vvl,W2,...,wn): argmaxP(cj f) P(vvi‘cj)

¢lic cjl C i=1

Notice that despite the obvious inaccuracy of the independence assumption, in
practice the naive 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 naive 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 naive
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:



Py
Vg = argmax P(v;)O P(&\Vj)
i=1

v;T { student faculty}

= argmax P(v,)P(a, ="In"|v,)P(a, ="order'|v,)...P(as, ="etc'|v,)

v;T { student faculty}

P(v) 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(wy| v;),
we need another assumption: we assume that the probability of encountering a specific
word wg is independent of the specific word position being considered. Thus, the
estimation P(w | vj) will be

n,+1
n+|Vocabulary|

where n is the total number of word positions in al training examples whose
target valueis v ,ni the number of times word w 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 naive-Bayesis shown in Appendix A.1.



3.24.2 Decision TreeLearning

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.

Teach

\
Yes No\

Pr of essor My page

< N\ <& e
\ N

Faculty Course Others Student

Figure 3-1: A Decision Treeto Classify Documents According to Keywordsin the 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



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 Srelative to this c-wise classification is defined as:

Entropy(S) = 4 - p log, p

i=1
where p; is the proportion of S belong to class i. Therefore, to a collection example S,

information gain is defined as:

Gain(S, A) = Entropy(S) - é IiS'Entrop;(sv)

v Valueg A) |
where S, is the subset of Sthat have value v for attribute A. Notice that this information
gain function isidentical to equation 3.1 which is used to measure the information gain of
aterm in the text document. A complete decision tree algorithm is shown in Appendix
A2
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 agorithms 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



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
<ay(x),a2(X)...an(x)>

where a(x) denotes the value of the r'" attribute of instance x. Then the distance

between two instances x; and X is defined as:

d(x,x) =\/;§”1 (@ (x)- & (x)*

A complete k-Nearest-Neighbor algorithm islisted 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 thisthesis, we restrict al 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



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 thisin 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]}. Thetarget relation is member (E,L), where E is an element that belongs to the list
L. We give al the positive tuples that belong to member (E,L):

<1,[1]> <2,[2]> <3,[3]> <1,[1,2]> <2,[1,2]>
<[2[23]> <3[23]> <1,[123]> <2[123]> <3[123]>
and severa negative tuples that do not belong to member (E,L):

<1[]> <1,[2]> <2,[1]> <3[12>  <2[L13]>



Now we give the background relation components (L,H,T), where L isalist, T is
thetail of thelist and H isthe head of list. The tuples that make up components are:
<[4.4[1> <2,2[]> <[3.3[]> <[12,1[2]> <[273].2[3]> <[1,273],1[23]>
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 interna definition of member(E,L) using only
component(L,H,T) and member (E,L). This definition will covers al 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 processis shown in Figure 3-1.



<Relation name ="relation name” >
<arg pos="to” value="valuel” >
<arg pos="from” value=" value2” >

</Relation>
Relation Hyperlink
Database
Positive Tuples Deduction Rule
Negative Tuples Sets
Backaround

First Order
Logic Learner

Figure 3-1: Learning SHOE’s Relation Rules

3.3.3 Training Data Collection

3.3.3.1 Tuplesfor Background Relations

SHOE use the following tuples as background relations:
category(Page): the category relation lists the pages that represent instances of

category.



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 a phabetic and numeric characters (e.g. |
teach CSEB96: 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 Tuplesfor Target Relation

AutoSHOE gets the positive tuples by parsing the SHOE' s <relation> tags. Recall
the syntax of <relation> tag:

<rel ati on name = “RELATI ON NAME" >
<arg val uel= “val uel” pos “FROM >
<arg val ue2= “val ue2” pos “TO >
</rel ation>

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 valuel and value2 should be URLS. Otherwise, this relation is not used to

describe the relationship between two pages.



Both valuel 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 teacher Of(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 member Of(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 (aternatively, 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
teacher Of(A,B) :- faculty(A), course(B), which means all faculties teach al courses. This

iSincorrect.



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 agorithms. 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 aso 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



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.
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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

Web SHOE Data
HTML
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Figure4-1: Overall Data Flow of the Framework




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
severa 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



the central database can be any database run on any platform as long as this database has

aJDBC 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
thisway, 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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Figure 4-1: Database Design

4.2.2.1 Tablesfor 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 recal the annotation of
SHOE' s category instance:

<category nane ="l abel” for= “URL">

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

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



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 thisfield is not null, AutoSHOE will look at
thisfield 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: Thelabel of this category instance.

PROB: The probability that this instance can be labeled as LABEL. For unlabeled
instances, thisfield is null. For human-label instances, the value of thisfield is aways
1.0. For automatically labeled instances, the value of thisfield is the confidence level
that the classifier predicts.

TableRELATIONS

The RELATIONS table stores the relation instances of the ontology. In order to
understand the structure of the table RELATIONS, recal the annotation of SHOE's

relation instance:

<Rel ati on nane = “RELATI ON_NAME" >

<Arg Pos = “FROM val ue = "FROM VALUE" >
<Arg Pos = “TO value = "TO VALUE" >

</ Rel ati on>

The RELATIONS table stores information that is embedded in the relation tags.
Thefieldsin the RELATIONS table are as follows:
RELATION_ID (Primary key): The identifier of the relation instance.

RELATION_NAME: The name of thisrelation.



FROM_VALUE: The argument value whose position is“FROM.”

TO_VALUE: The argument value whose positionis“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 isa 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 Tablesfor Storing the I ntermediate 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



detail about the features will be introduced in Section 4.4. Here we only introduce the
structure of the table.
FEATURE_ID (Primary key): Theidentifier of the feature.
CATEGORY _ID (foreign key): Refers to the instance in the CATEGORIES Table.
The value of thisfield indicates the instance to which this feature belongs.
FEATURE_NAME: The name of this feature, for example, Email, Title, or
BinFeatureV ector, etc.
LOCATION: Indicates where the feature is located. It can be INTERNAL,
EXTERNAL or REMOTE.
FEATURE_VALUE: The vaue 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

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

TableLINKS

As mentioned in Section 3.3.2, when AutoSHOE tries to learn atarget 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 structureis as follows:

LINK_ID (Primary Key): The identifier of the link.



URL: The Uniform Resource Locator of thislink.

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 isin the same paragraph, same list item or same table with thislink.

4.2.2.3 Tablesfor Storing the Learnersand Training Results

AutoSHOE alows users to dynamicaly 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: Anidentifier 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.



TYPE: The learning agorithm 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): Anidentifier 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 |P 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.

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

this classifier.

TESTSET_RATIO: Theratio 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.

TableRULES

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

structure of RULES isasfollows:



RULE_ID: Anidentifier of therule.
TARGET: Thetarget 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 aWeb 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.



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 ook
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 smal, 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 Consgtraint: 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.



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 valuel=“vauel” pos="“FROM”> <arg value2= “value2” position= “TO">

</relation>



Insert the RELATION_NAME, VALUEland VALUEZ into the RELATIONS table, If
either VALUEL or VALUEZ2 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

teacher Of(A,B), we will know the label of A isFaculty 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) Asthe 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;



<Rel ati on nane="cs. nane” >

<arg pos = “Front value= “URL of the web page”>
<arg pos= “To” value = “title of web page”">

</ Rel ati 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 Sdlector.

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
inan HTML document. The format of atarget expression isvery simple:

tag.[ attribute|_value] (regular expression)

Where tag is atag 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, dternative attribute (i.e. <a at= “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 hereisin Perl style

[22].



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 aso can be used to convert the text document

into aword vector, an integer vector, or abinary 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.

45 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



learning a particular ontology. In order to add the learners dynamically, the learning

control of AutoSHOE is based on the client-server mode!.

4.5.1 Learner Server and Leaner Wrapper

When an author writes a learner and wants to share this learner with other
AUutoSHOE 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 smply 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’ stype: 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 thislearner.

The registration information of the learner will be stored in the LEARNERS table.



45.2 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 a 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

<Process ID = “the identifier for the process,” >

<Param name= “al gorithn? val ue= “the nane of the algorithni>

<Param nane= “action” value= “[Train| Query| feaure-select]”>

<Param nanme= “testset” value= “the ratio of the test set to entire data
set” >

<Param nane= “test” value= “how many tinmes to run”>

<Param nane= “cl assifier” value= “name of the classifier”>

<Param nane= “other paraneters that my be needed for a special
| earner” val ue= “value_n">
<instance ID = “Instance ID" label = “label of instance” prob =

“probability that this instance with this label” > data</instance>
</ process>

Figure4-1: 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 a gorithm 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 smply ignoreit.

The Instance follows the format
<instanceID = *.." 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




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

shown in Figure 4-2.

<Process ID = “the identifier for the process” >

<Param name= “al gorithn? val ue="the nane of the algorithne

<Par am nane= “action” val ue=Trai n>

<Param nane= “testset” value="the ratio of test in the total data set”>
<Param nanme= “test” val ue= “how many tines to run”>

<Param nane= “cl assifier” value= “nanme of the classifer”>

<Param nane= “ot her paraneters” val ue= “val ue_n">

<instance ID = “ Instance ID" |abel = “label of instance” prob ="1.0" >
training data (represent as feature vector) </instance>

</ process>

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:

<Process ID = “the identifier for the process” >

<Param name= “al gorithnf val ue= “the nane of the algorithni>

<Param name= “action” val ue=Trai n>

<Param name= “testset” value="the ratio of test in the total data set”>
<Param nanme= “test” value= “how many tines to run ">

<Param nanme= “classifier” value= “nanme of the classifier”>

<Param nane= “ot her paraneters” val ue="val ue_n">

Per f ormance neasurenents such as confusion matrix

</ process>

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:

<Process ID = “the unique identifier for the process” >

<Param name= “al gorithn? val ue= “the nanme of the algorithni>

<Param nane= “action” val ue=query>

<Param nane= “cl assifier” value= “name of the classifier”>

<Par am name= “ot her paraneters” val ue= “value_n”">

<instance ID = “Instance ID'> query data (represent as feature vector)
</instance>

</ process>

Figure 4-4: Query Control Protocol (From AutoSHOE to L earner Server)




The data transfer back to the AutoSHOE server is shown in Figure 4-5.

<Process ID = “the unique identifier for the process” >

<Param name= “al gorithni val ue= “the nane of the algorithni>

<Param nanme= “action” val ue=query>

<Param nane= “cl assifier” value= “name of the classifier”>

<Param nane= “other paraneters that many need for a special |earner”
val ue="val ue_n">

<instance ID = “Instance ID' label = “learner predicts |abel” prob=
“l earner predicts confidence level” > </instance>

</ process>

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.

<Process ID = “the unique identifier for the process” >

<Param name= “al gorithn? val ue= “the nanme of the algorithni>

<Param nane= “action” val ue=feature-sel ect>

<Param nanme= “classifier” value= “nanme of the feature selector”>
<Par am name= “ot her paraneters” val ue= “value_n”">

<instance ID = “Instance ID" label ="label of the instance”> the data
for feature select (represent as plain text or other necessary formt)
</instance>

</ process>

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.

<Process ID = “the unique identifier for the process” >

<Param nanme= “al gorithni value= “the nane of the algorithni>
<Param nane= “action” val ue=feature-sel ect>

<Param nane= “cl assifier” value= “nanme of the feature selector”>
<Par am name= “ot her paraneters” val ue= “value_n”">

<instance ID = “Instance ID'> feature select result</instance>
</ process>

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




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 alearner 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 aclient 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.



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 ontol ogy
(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 specia 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
exponentialy 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 alist of URLSs 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 URLSs 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.



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 alist 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 al the HTML documents in the data set
cs depart_data, find al 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>



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 alist 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/lheader, 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 asthe 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:



Remove words that occur in ___ or fewer documents.

Remove words that occur lessthan __ times.

Remove all but thetop __ words by selecting words with highest information gain.

Then you should aso 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: Sart 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




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 aso 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 atarget 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



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
URLSs that contain the web pages, which satisfy al the user’s requirements. Check
those URLSs 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 alows 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.



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-ontol ogy)

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-ontol ogy
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.

Table5-1: Category Coallection using the Par se Category Option

cs.Course cs.Student | cs.Faculty cs.ResearchGroup | Cs.Department | cs.University

726 623 154 85 4

Using the parse relation option, we collected the relation instances as shown in Table

5-2.




Table 5-2: Relation Collection using the Par se Relation Option

c¢s.subOrganization csteacherOf | 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 amost al the commonly used machine learning
algorithms, such as C4.5, 1D3, k-Nearest-Neighbor, naive-Bayes, etc. FOIL6 is a first-
order relation learner. We wrote the Learning Server for Rainbow, MLC++ and FOILG6.
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.

Table5-1: Different Combinations of Feature Selectorsand Learners

HTML Feature Selection | Text Feature Selection | Learning Algorithm | Learning System

Body text Document Frequency | Naive Bayes Rainbow
Header/ Title +/Emphasis | Information Gain ID3 MLC++
text

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,




then representing the rest of the text as a word vector to train the naive Bayes agorithm,
(provided by Rainbow) can produce a very accurate classifier. The detailed experiment is

shown as Figure 5-1.

Learni ng System . Rai nbow

HTM. Feature Selection : Body

Text Feature Selection :Renpbve words that occur in 6 or fewer docunent
Feature Representation : word vector

Learning Al gorithm . naive Bayes

Experi mental Result:
- Confusion details, rowis actual, colum is predicted
cl assname 0 1 2 3 :total

0 cs. Course 53 . 1 1 : 55 96.36%

1 cs. Facul ty . 20 1 . 21 95.24%

2 cs. ResearchGroup . 1 12 2 : 15 80.00%

3 cs. Student 1 . .29 : 30 96.67%
Percent _Accuracy average 94.21%

Figure5-1: The Best Classifier Produced by AutoSHOE
Other experimental results are given in Appendix B. The experiments show that

on average the naive Bayes from Rainbow is far better than the ID3 and k-Nearest-
Neighbor from MLC++. There are severa reasons that could explain this phenomenon.
First of al, naive Bayes has been proven naturally good at text classification [12].
Second, Rainbow is designed to perform statistical text classification, while MLC++ isa
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.




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.teacherO (A B) :- cs.course(B), cs.faculty(A), linkTo(C, A B)

cs_subOrgani zati on(A, B) :- cs_ResearchG oup(A), cs_Departnent(B),
IinkTo(C, A, B)
cs_subOrgani zati on(A B) :- c¢s_ResearchGoup(A), cs_University(B),
IinkTo(C, A, B)

Figure5-1: 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 alink 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 ssmply using student(A), faculty(B)
Jhyperlink(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.




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:

Sart URL: http://www.cse.unl.edu/Homepages/

Maximum Distance: 5 links from starting URL
URL Restriction: cse.unl.edu
File Sze 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 afile of sizelessthat 700 Bytesis 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.

Table5-1: The Confusion Matrix for Automatic Annotation of CS-UNL Web Pages

Facul ty St udent Cour se Resear chGr oup Tot al
Facul ty 10 6 0 0 62. 5%
St udent 2 66 2 0 94. 28%
Cour se 0 26 0 92. 85%
ReseachG 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 al the pages automatically for

the following reasons:



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 naive 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. Finaly, our AutoSHOE prototype successfully proves the concept of an online
machine learning center.

Currently AutoSHOE is till in the developing stage and can be expanded and
improved in many ways. Following are some suggestions for further devel opment.

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].



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="Worker" | SA="Person">
<DEF- CATEGORY NAME="Facul ty" | SA="Wbrker">
<DEF- CATEGORY NAME="Assi stant" | SA="Worker">
<DEF- CATEGORY NAME="St udent" | SA="Person">
<DEF- CATEGORY NAME="Post Doc" | SA="Facul ty">
<DEF- CATEGORY NAME="Lecturer" |SA="Faculty">
<DEF- CATEGORY NAME="Pr of essor" | SA="Facul ty">

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. Aswe 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.

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.

. AutoSHOE can incorporate any number of classifiers, but each classifier works

separately. We want some ways to combine these learners. We may consider



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 (Geolndex) project. This project tries to annotate web pages with
geographical information. Geographical information is naturaly 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.
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Appendix A: Learning Algorithms Used in This Thesis

A.1 Naive-Bayes Text Classifier

LEARN_NAI VE_BAYES TEXT( Exanpl es, V)

Description: this function learns the probability terns

P(wk| vj), describing the probability that a randonly drawn

word froma docunent in class vj will be the English word w

Exanples :a set of text docunents along with their target

val ues.

Vv :the set of all possible target val ues.

Return :the class period probabilities P(vj)

1. Collect all words, punctuation, and other tokens that
occur in Exanples

Vocabul ary ¢ the set of all distinct words and ot her

t okens occurring in any text docunment from Exanpl es
2.Calculate the required P(vj) and P(w|v;) probability
terns

- For each target value v; in V do

|docS, |
PV,))m ————
| Exampleg
- Docs; ¢ the subset of docunents from Exanples for
which the target value is v;

- Text; ¢ a single docunent created by concatenating all
menber of docS

- n ¢ total nunmber of distinct word positions in Text;
- for each word w in vocabul ary
Nk ¢ nunber of times word w occurs in Text;

n +1
P(w, |v;) - N +1]
n+ |Vocabulary|

CLASSI FY_NATI VE_BAYES TEXT (Doc)
Return the estimated target value for the docunent Doc, a,
denotes the word fond in the ith position within Doc

positions ¢ all word positions in Doc that contain
t okens

Return Vi Wwhere

Vg =argmaxP(v;) (~) P(a v;)

vV il positions



A.2 ID3 Algorithm

Deci si on_Tree_Root
| D3( Exanpl es, Target _attri bute, Attri butes)
Exanpl es :training exanpl es.

Target _attibute :the attribute whose value is to be

predi cted by the tree.

Attribute ca list of other attributes that may be

tested by the | earned decision tree.

Ret urn :a decision tree that correctly classifies

t he gi ven Exanpl es
- Create a Root node for the tree

If all Exanples are positive, return the single-node tree

Root, with | abel =+

If all Exanples are negative, return the single-node tree

Root, with | abel =-

If Attributes is enpty, return the single-node tree Root,

with label = nbst common value of Target_attribute in
Exanpl es
El se Begin

A ¢ the attribute from Attributes the best* classifies

Exanpl es
The decision attribute for Root ¢ A
For each possible value, vi, of A

Add a new tree branch bel ow Root, corresponding to

the test A = v,

Let ExanplesV, be the subset of Exanples that

value v, for A
Let ExanpleS is enpty

have

Then below the new branch add a l|leaf node wth

| abel = nobst comon value of Target attribute in
Exanpl es
El se bel ow this new branch add the substree

| D3( Exanpl eSv,, Target_attribute, Attributes -

{A))
End
Ret urn Root
* The best classifier can be determ ned by infogain,
is calcul ated as:

[o]

Gain(S,A) = EntropyS)- a lillEntrop),(S)

Vi Valueg A)

where entropy is cal cul ated as: Entrop)(S):é- p log, p,

i=1

whi ch



A.3 K-Nearest-Neighbor Algorithm

Training algorithm
For each training exanple (x,f(x)),add the exanple
to the |ist training_exanples

Classification algorithm
G ven a query instance xq to be classified

Let X3 Xx denote the k instances from
traini ng_exanples that are nearest to Xq then

k
f(xy) - argmaxé a(v, f(x))

i=1

Where da,b)=1 if a=b and d a, b) =0 ot herw se



A.4 FOIL Algorithm

Initialization:
Theory := null program
Remaining := all positive tuples of target relation R
Wiile remaining is not enpty
Clause : = R(A B
Wi |l e cl ause covers negative tuples of R
Find appropriate literal(s) L (e.g. to exclude
some negative tuples)
Add L to right-hand side of clause
Renove positive tuples covered by clause from
remai ni ng
Add cl ause to theory



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 astest set. In experimental result lists, body text means the text between <body> and
</body>, TitletHeader+U+B+|l 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>

Learni ng System Rai nbow
HTML Feature Sel ection Body Text
Text Feature Sel ection not used

Feat ure Representation

Learning Al gorithm
Experi mental Result:
Correct:
- Confusion details,
cl assnane 0
cs. Course 54

cs. Facul ty

cs. ResearchG oup
cs. Student 1

WNPFO

Per cent _Accur acy

word vect or
nai ve Bayes

108 out of 121 (89.26 percent accuracy)
row is actual,

colum is predicted

1 2 3 :total

. 1 : 55 98.18%
17 4 . 21 80.95%

3 8 4 : 15 53.33%

29 : 30 96.67%

aver age 89.26%

Learni ng System
HTM. Feature Sel ection
Text Feature Sel ection

Learning Al gorithm
Experi nental Result:
Correct:
- Confusion details,
cl assnane 0
0 cs. Course 50
1 cs. Facul ty
2 c¢s. ResearchG oup 1
3 cs. Student
Per cent _Accur acy

Rai nbow
Body Text

Renove all but the top 50 words by selecting
words w th highest average nutual

i nf ormati on.
nai ve Bayes

109 out of 121 (90.08 percent accuracy)
row is actual,

colum is predicted

1 2 3 :total
3 1 1 : 55 90.91%
2 19 . .1 21 90.48%
12 2 : 15 80.00%
2 28 : 30 93.33%

average 90. 08%




Learni ng System . Rai nbow
HTM. Feature Selection : Body Text

Text Feature Selection : Renove words that occur in 6 or fewer
docunent

Feature Representation : word vector

Learni ng Al gorithm : Naive Bayes

Experinental Result:

Correct: 113 out of 121

- Confusion details, rowis actual, colum is predicted
cl assnane 0 1 2 3 :total

0 cs. Course 53 . 1 1 : 55 96.36%

1 cs. Facul ty . 20 1 .1 21 95.24%

2 c¢s. ResearchG oup . 1 12 2 : 15 80.00%

3 cs. Student 1 . . 29 : 30 96.67%
Percent _Accuracy average 94.21%

Learni ng System . Rai nbow

HTM. Feature Sel ection : Header+Titl e+tU+B+l
Text Feature Selection : not used

Feature Representation : word vector
Learning Al gorithm . Naive Bayes

Experi mental Result:
Correct: 89 out of 121

- Confusion details, rowis actual, colum is predicted
cl assnane 0 1 2 3 :total

0 cs. Course 54 . 0 0 :55 97.26%

1 cs. Facul ty 6 23 . 2 31 74.19%
2 c¢s. ResearchGroup 14 2 15 2 : 33 45.45%
3 cs. Student 42 . 2 40 : 84 47.62%

Percent _Accuracy average 74.83




Lear ni ng System : Rai nbow
HTM. Feature Selection : Header+Titl e+U+B+|

Text Feature Selection : Renove all but the top 50 words by selecting
words with highest average mutual infornation.
Learning Al gorithm : Naive Bayes

Experi mental Result:
Correct: 84 out of 121
- Confusion details, rowis actual, colum is predicted
cl assname 0 1 2 3 :total
cs. Course 54 . . 1 : 55 97.95%
cs. Faculty 12 17 1 1 : 31 54.84%
cs. ResearchG oup 17 4 7 5 : 33 21.21%
cs. Student 41 2 41 . 84 48.81%

WNEFO

Percent _Accuracy average 70.75%

Learni ng System . Rai nbow

HTM. Feature Selection : Header+Titl e+U+B+I

Text Feature Selection : Renove all words that occur in 6 or fewer
docunent

Learning Al gorithm . Naive Bayes

Experi mental Result:
Correct: 89 out of 121
- Confusion details, rowis actual, colum is predicted
cl assname 0 1 2 3 :total
cs. Course 54 . . 1 : 55 97.95%
cs. Faculty 10 19 2 .1 31 61.29%
cs. ResearchGroup 12 2 15 4 : 33 45.45%
cs. Student 39 1 2 42 : 84 50.00%

WNPFO

Percent _Accuracy average 74.49%




Learni ng System MG+

HTM. Feature Sel ector . Body Text

Text Feature Selection : Renove all but the top 50 words by selecting
words with highest average nutual infornation

Feature Representation : Binary Vector

Learning Al gorithm . 1D3

Experi ment Result:
Nunmber of test CATEGORIES: 121.
Nunber correct: 86. Nunber incorrect: 35

(a) (b) (c) (d) <-- classified as
26. 00 4.00 0. 00 0. 00 (a): class cs_Student
0. 00 39. 00 5.00 11. 00 (b): class cs_Course
0. 00 4. 00 11. 00 0. 00 (c): class cs_ResearchG oup
0. 00 11. 00 0. 00 10. 00 (d): class cs_Faculty

Percent _Accuracy average 71.07%

Learni ng System : MLC++

HTML Feature Sel ector . Body Text

Text Feature Selection : Renove all but the top 50 words by selecting
words with highest average mutual information

Feature Representation : |nteger Vector

Learni ng Al gorithm : 1D3

Experi nment Result:

Nunber of test CATEGORIES:. 121

Nunmber correct: 83. Nunmber incorrect: 38
Di spl ayi ng confusion matrix. .

(a) (b) (c) (d) <-- classified as

26. 00 4. 00 0. 00 0. 00 (a): class cs_Student

0. 00 35.00 5.00 15. 00 (b): class cs_Course

0. 00 4.00 10. 00 1. 00 (c): class cs_ResearchG oup
0. 00 9. 00 0. 00 12. 00 (d): class cs_Faculty

Percent _Accuracy average 68.59%




Learni ng System : MLC++

HTM. Feat ure Sel ector . Body Text

Text Feature Selection : Renove all but the top 50 words by selecting
words with highest average nutual infornation

Feature Representation : |nteger Vector

Learni ng Al gorithm . K-nearest - nei ghbor

Experi ment Result:

Nunmber of test CATEGORIES: 121.

Nunmber correct: 95. Nunber incorrect: 26
Di spl ayi ng confusion natrix. .

(a) (b) (c) (d) <-- classified as
29. 00 1. 00 0. 00 0. 00 (a): class cs_Student

0. 00 54. 00 0. 00 1. 00 (b): class cs_Course

1.00 8. 00 6. 00 0. 00 (c): class cs_ResearchG oup
0. 00 15. 00 0. 00 6. 00 (d): class cs_Faculty

Percent _Accuracy average 78.51%

Learni ng System MG+

HTM. Feat ure Sel ector . Body Text

Text Feature Selection : Renove all but the top 50 words by selecting
words with highest average nutual infornmation

Feature Representation : Integer Vector

Learning Al gorithm . K- nearest - nei ghbor

Experi ment Result:
Nunber of test CATEGORIES:. 121
Nunber correct: 96. Nunber incorrect: 25

(a) (b) (c) (d) <-- classified as
29.00 1. 00 0. 00 0. 00 (a): class cs_Student

0. 00 54. 00 0. 00 1.00 (b): class cs_Course

1.00 8. 00 6. 00 0. 00 (c): class cs_ResearchG oup
0. 00 15. 00 0. 00 6. 00 (d): class cs_Faculty

Percent _Accuracy average 79.33%




Appendix C: Screen Dumps of AutoSHOE

C1: The Web Grabber

3 http://1cgb_unledu/~gflin/ - Microsoft Intemet E xplorer

J File Edit Wew Favoites Tools Help ‘
| tddress: @] b /icgs unledutfin/ x| @6o “Links &

3 =
.29 w @ @@ B 4 - F
Back Forward Stop  Refiesh  Home Search Favorites  History ail Piint Edit Discuss  Real com

Data Collection AutoSHOE Web Grabber

+ ek Crawler

+ Data Collector Tntroduction

Auto SHOE Web Grabber help you to grab the URL that you want from the web
Feature 3Selection

o TTML Feature ‘Step 1: Staring U'R_L;Ihtlp./‘/‘rcgE.un\.eduf”qf\infhume.htm\ (*)
Selection ‘Step 2: Please specify your constrainte, uze *," when you add more than one constrants in each feld
o Text Feahre Selechion
- URL Constrain: ce.umd.edu,regb.unl.edu
Train (example: cs.umd edu,cse unl edu) g
o Registry the leamner
o Learn SHOE's .
Categorization Fule Selection Cotstraint [E——
» Learn SHOE's (example:cs-dept-ontology)
Relation Rule
Auto Annotation Jhip Constraint
(example:http 403)

o Cuery New Papges
o SHOE Annotator

File Type Constraint
Data maintain (example b, bt shiral php 3)

hitrr, hirnl,shtrml php3

+ DB Admimistrator

File Size range: IU Bytes to I Bytes
Home

Recursive Deep: |1 'I links away from the staring URL

Mazimurm return pages|10000
|&] Done | [ [ intemet




C.2: The Data Collector

a http://rcg6.unl.edu?~gflin/ - Microsoft Internet Explorer

J File Edit “iew Favortes Took Help |
| dress [&£] hup. oo unleduofin/ =] @t HLinks »

J@.».@ﬁ@@@%- . B 9

Back Frarward Stop  Refiesh  Home Search Fawvorites  Histoy T Print Edit Discuse  Real com

| v

Data Collection AutoSHOE Data Collector

o Web Crawler
o Data Collector ‘Step 1: Flease select the sample set for data collection

cs_cormell(227 data)

Feature Selection

nl(540 data)

cs_unl_course(28 data)
cs_unl_faculty(16 data)
cs_unl_researchGroup(1 data) =]

o HTML Feature
Selection
o Text Feature Selection

‘Step 2: Flease specified the data data you want to collect from this data set

‘ W Parse Categorization Eules

Train
‘ ¥ Parse Relation Rules
. %ﬂéﬂsﬁﬂ ‘ [T Collect Hyperlinks
. £arn S .
Categorization Rule ‘l_ Collect Unlabelled Entities
o Leamn SHOE's ‘ [T Save the HTML on local disk
Relation Rule ‘ WV Collect the implicated labels by using:
. Background Relation Information URL Pattern (Mote: Please Click here to view the Perl5 Regular
Auto Annotation :
Ezpression)
s Query New Pages f Relation(A.B) name is [cs_avisorGf #URL follows the pattern fwvide

o SHOE Annotator

label & is IES_FﬁDtu the label could be
Data maititait
label B 1s Ics_Student Ics_Caurse

o DB Admumstrator

if Relation(A,B) name is I i UEL follows the pattern I

Home tabel A is the label could be
label B isl I

‘ Submit Query I Resetl [

@] Done [ [ Intemet




C.3: The HTML Feature Selector

a http:/#rcgb.unl.edu/~qflin/ - Microsoft Internet Explorer

J Fle Edt ‘iew Favontes Took Help ‘i

J tiddress |@ Fitpe Arcigh anl edud gflind

j o “Lmks ?

+ Web Crawler
+ Data Collector

Feature Selection

Selection:
+ Text Feature Selection

Train

+ Repustry the leamer
+ Leam SHOE's

Cateporization Rule
+ Leamn SHOE's

Relation Rule

Auto Annotation

o Cuery New Pages
+ SHOE Amnotator

Tlata matttzin

+ DB Adnudstrator

Home

‘@,#.@ﬁﬁ@@@% .2 9
Back Foryard Stop  Refresh  Home | Seach Favotes Histop | Mal Pt Edi Discuss  Real.com
Data Collection

AutoSHOE Feature Selector

Step 1: Choose the Data-Set for Feature Selection

£s_comell(227 data) .
£s_umcl1284 data)
£s_unl{h40 data)
£s_unl_course(28 data)
£s_unl_faculty(16 data)
cs_unl_researchGraugl! date) =]

Step 2: HTML Features Selection, extract the piece of text from HTML

| |Text to extract

‘Target Expression: Fromat Tap [attribute|_value](regular_ezpress_pattern)

T [Ful Pl Tew

‘HTI\AI.._value

| [ |T1tlefHeader

‘Title._value,Hl._value,H2._value,H3._value,H4._value

| [ |Emphas1s words

‘pre._value, E._value, I_value, U._value

||- |Anchorwords ‘a‘_va.lue, adl
||' |Address ‘address._value
I Eual aleef (+@4)

‘ [ ‘Others words between tag

Step 3: Please input the feature name

select | reset

&) Dane

[ (% el



C.4: The Text Feature Selector

a http:#/icab.unl edu/qoflin/ - Micro:

J File  Edt View Favortes  Tools

soft Internet Explorer

Help

J Address |@ it/ A1cB. unl e gfin/

¥ @60 [l ®

. S < R A TR« I~ I I

‘ Back Forar Stop  Refiesh Home | Seach Favoites History Mail Fiint Edit Discuss  Real com

o

.2 9

Data Collection

o Web Crawler
+ Data Collector

Feature Selection

+ HTML Feature
Selection
+ Text Feature Selection

Train

+ Repistry the learner
¢+ Learn SHOE's

Categorization Rule
+ Learn JHOE's
Relation Rule

Auto Amotation

o Query HNew Pages
+ SHOE Annotator

Data matntain

+ DB Administrator

Home

Step 1: Select the HTML Feature Set:

newpages (newFullTexd)(48 data) ]
cs_comell (TileHeader)(26 data)
cs_umd (TifleHeader)(G59 data)
£s_utexas (TilleHeader)(35 data)
£s_washington (TitleHeaden(33 data) J
cs_wisc (TileHeacen(? data) x

Step 2: Using Text Features Selection to Reduce Text Deminsion:

Please choose the feature selection method

€ Remove words that occur n l—or fewer documents

€ Remove words that oceur less than l—n'mes

& Remove all but the top |5U—words by selecting words with hghest nformation gam

Please choose how do you want to represent your feature
 Word Vector
" Binary Vector

& Tnteger Vector

Step 3: Please input the feature name for the feature select result

demoHTInfoGain50
Reset

@ Done

8 Intemet



C.5 The Online Learning Server Registration Form

7 http:/1cgB.unl edu/~gflin/ - Wicrosoft Intemet Explorer

J Fle Edt Wiew Favortes Tool Hep ‘
| Adkess ] o nl e i/ x| @B |] Lirks **

‘w».@ﬁﬁ@@@@- .28 9

Back Forard Stop  Refiesh  Home | Seach Favorites  Historp Iail Pint Edit Discuss  Real com

Data Colection Learning Server Registration

+ Web Crawler

‘lnfunnation about your learning server
o Data Collector

‘Server Nare: ||MLC++ ‘U'RL: ||hﬂp:f/\l\mrw sgi.com/Technology/mic/
Feature Selection ‘Host name |W ‘Port | 1973
o TTML Feature ‘Leamfng Algorithm Provide hy this Server
Selection LAIgﬂnLkm I:

o Text Feature Selection ‘Name |\D3

@ Clagsifier Induction Algorthm

Tran Type 0 First-Order Logic Learing Algoritn
R — " Feature Selection Algorithm
LI E E :
o Learn SHOE's L decision tree induction algorithm, j
Cate;onzamon Fule .brequiri the %nstance to be represent in the
! attribute-value pair
' M - and the target function wust he the
Relation Rule Descrptor:
P R . . . . |[discrete value
(Desetibe the requirement for this learning
algorithm)
Luto Amnotation
o Query HNew Pages [

+ SHOE Annotator

Data maintain

Fegister | Reset
+ DB Admmstrator

Home

&] Done [T | nlenet



C.6 The Categorization Rule Learners

7 http://1cgb.unLedu/gflin/ - Microsoft Internet Explorer

J Fle Edt ‘ew Favoites Tools Help ‘
| Address |1 htp.hcg uledu/ ol | @k |j Links
LA I E A N e I R A .2 9
Back Forward Stop  Refiesh  Home | Seach Favotes  History Mail Pint Edit Discuss  Real com
L) [ [ j
Daa Colbcion AutoSHOE Categorization Rule Learning Center
» Web Crawder
o Data Collector
Step 1: Choose the training data
Feature Selection
Please select the training set from the following st
o HTML Feature
Selection
o Text Feature Selection dema {demoHTInfogain 3010 data)
demalewPages ([demoMewPagesHT)(11 data)
) s_camell (Emaill(? data)
Train cs_umd (Email)(245 deta)
5 _utexas [Email)(d data) |
+ Repistry the learner
+ Learn SHOE's
Categonzation Rule Please mput how many percent of data using as testing data]0.2
o Learn SHOE's ) ) m
Relation Rule ‘Please e the name of the trained classifier|demoClassifier
Auto Amotation Step 2: Please choose the Learning Algorithm
o Query HNew Pages Availahle Iearning algorithm for SHOFE's categorization rule
+ SHOE Annotator
o |]:B(by MLCH on cse.unl edu)
Data maintain ‘Text must be represent in binary or mteger
o I8 Aduinicirator o |na1ve-bayes(by Rambow on LOCAL HOST)
‘A statistic learner, can take any text as mput
Home |]])3(by MLCH- on cse.unl edu)
A decision tree induction algorithm, require the instance to be represent in the attribute-value pair and the target finction must be the discrete || ||
value
Step 3: Please input your Email address |
Mote: It may take a related long time to tram the data, after training finish, you will recerve an Email about the training result 5
€] [ 1 | Intemet



C.7 The Relation Rule Learner



C.8 The Query Controller



C.9 The SHOE Annotator



C.10 Database Administration



