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Summary. The Web has become a fertile ground for numerous research activities
in mining. In this chapter we discuss research on finding targeted information on the
Web. First, we briefly survey the research area. We focus in particular on two key
issues: (a) mining to impose structures over Web data, for example by building tax-
onomies and portals, to aid in Web navigation, and (b) mining to build information
processing systems, such as search engines, question answering systems, and data
integration ones. Next, we describe two recent Web mining projects that illustrate
the use of mining techniques to address the above two key issues. We conclude by
briefly discussing novel research opportunities in the area of mining for information
discovery on the Web.
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1 Introduction

Web mining seeks to discover and exploit knowledge on the Web, in order to
improve user task performance. The past few years have seen an explosion of
such mining activities, as conducted in the databases, AI, Web, IR, and other
research communities [53, 68, 10, 37]. The bulk of the research falls roughly
into three groups. Works in the first group focus on finding targeted infor-
mation on the Web, either by browsing and navigating, or by querying an
information processing system such as a search engine, a question answering
system, or a data integration system. The works develop mining techniques
that facilitate such activities. Works in the second group aim at creating and
mining structured data, for example, by transforming HTML data into struc-
tured form, so that more expressive queries can be asked and conventional
data mining can be conducted on top of the structured data. Finally, works
in the third group target building communities and leveraging user activities.
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Examples of such works include mining Web usage to improve network per-
formance, collaborative filtering to better predict user preferences, and mass
collaboration to build Web artifacts.

Due to the huge body of research on Web mining, in this chapter we focus
only on works in the first group: information discovery on the Web. Several
excellent survey efforts [53, 68, 10, 37], and recent books on data mining and
Web mining [44, 11] provide detailed discussion of the whole body of Web
mining research, including those on creating structured data and leveraging
user activities.

We begin by giving a broad overview of mining techniques for information
discovery on the Web. We focus in particular on two key areas: (a) mining to
impose structures over the data, for example to build taxonomies and portals,
thus helping users explore and find the desired information; and (b) mining
to build information processing systems, such as search engines, data integra-
tion systems, and digital libraries, which in turn help users find information
efficiently.

Next, we describe in detail our two recent Web mining projects in these
areas. The first project deals with mining to impose structures. It addresses
the important topic of classifying Web pages given only positive training ex-
amples. Such classification settings arise commonly on the Web, but have
not received much attention. The second project deals with mining to build
Web information processing systems. It addresses the fundamental problem
of matching objects across disparate data sources: deciding if two given ob-
jects (e.g., two tuples) refer to the same real-world entity. This problem has
recently received much attention in both the database and AI communities.

Our goal with the chapter is to recall attention to the topic of information
discovery on the Web, and to illustrate with our research novel opportunities
for Web mining in this exciting area. The rest of the chapter is organized as
follows. In the next section we briefly overview the topic of information discov-
ery. The overview is not intended to be comprehensive, but rather to provide
a reference frame at the bird-eye level. In Section 3 we describe the PEBL
project on classifying Web pages using only positive examples. In Section 4
we describe the PROM project on matching objects across disparate data
sources. We conclude with a forward look on mining for information discovery
in Section 5.

2 Finding Information on the Web

Finding the desired information on the Web is a difficult task that has received
much attention. Within this task, we focus on two problems. In the first prob-
lem we employ mining techniques to help users navigate and explore the Web,
by building taxonomies, directories, and portals. In the second one, we use
mining to help build information processing systems, which allow users to ask
targeted queries on the Web. Examples of such systems include search engines,
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comparison shopping sites, data integration systems, data warehouses, and the
emerging peer data management systems. We now survey mining activities in
each problem.

2.1 Exploring and Navigating the Web

To help users explore a topic or zoom in on entities of interest, much research
has dealt with building directories and portals on the Web, over Web docu-
ments as well as Web sources.

Building Directories of Web Documents: The bulk of research on ex-
ploration and navigation builds directories of Web documents. At the begin-
ning, such directories were constructed manually (e.g., yahoo.com), but it soon
became clear that manual construction would not scale to Web proportion.
Hence, several alternatives were explored. One approach is to enlist an army of
volunteers to build taxonomies (e.g., Open Directories at dmoz.org). Another
popular approach is to employ learning techniques to automatically construct
taxonomies [52, 14, 13, 26, 70, 73, 91]. The key idea is to manually construct
a taxonomy, assign to each taxonomic node a set of Web documents (called
the training set for that node), use the training sets to build a classifier or set
of classifiers, then finally use the classifier(s) to assign new Web documents
to appropriate nodes in the taxonomy.

There are several key challenges for this approach. The first challenge is to
find relevant new Web documents. Suppose we are to build a taxonomy of Web
pages on machine learning. Obviously we do not want to crawl and classify the
entire Web. A much more efficient way is to crawl intelligently to retrieve only
Web pages that are likely to be about machine learning. Such focused crawling
(also known as topic distillation) has been the subject of much recent research
[12, 71, 91]. The crawler can be guided by supervised learning techniques,
in form of a Web document classifier [12, 91], or by reinforcement learning
techniques [71]. A well-known example of a taxonomy constructed from such
focused crawling was the machine learning portal at cora.justresearch.com.

The second challenge in building taxonomies is to accurately classify Web
documents. Existing works have addressed this challenge in several ways. Since
the labels (i.e., the taxonomic nodes) form a hierarchy, several works have
exploited this structure in the label space, typically by performing hierarchi-
cal classification with many classifiers, one at each taxonomic node [52, 13].
Furthermore, Web documents are typically related via hyperlinks, and such
relation can intuitively help in classification: if all “neighbor” documents of a
document A are about machine learning, then A is also likely to be about ma-
chine learning. This idea was exploited in several recent works [14, 80, 92, 33].
Finally, some works have developed new improved algorithms for classifying
text documents [52].

Since acquiring training data (i.e., labeled Web documents in our case)
tends to be rather labor intensive, another key challenge is to minimize the
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amount of training data required and yet maximize its impact. Several works
addressed this problem by developing techniques to learn from both a small
set of labeled documents and a large set of unlabeled documents [82, 100, 81].
In Section 3 we describe the PEBL project which develops such a technique.

Building Directories of Data Sources: Besides HTML pages, the Web
also contains a huge number of data sources, such as amazon.com and
realestate.com. Thus, it is also important to build directories of these sources,
to help users navigate to and query the relevant sources.

Most current works in this area have focused on source modeling, that
is, learning source characteristics, in order to assign sources accurately into a
taxonomy [47, 9]. In [47], the authors focus on learning a keyword distribution
of text sources, by repeatedly “probing” sources with queries and counting the
word distributions of the returned results. These works have focused on text
sources. Several recent works have begun to consider learning the character-
istics of so-called “Deep-Web” sources, that is, sources that export structured
data via a query interface [45, 17].

2.2 Querying with Information Processing Systems

In the previous section we have discussed mining techniques that help users
explore and navigate the Web. We now discuss mining techniques that help
build and improve information processing systems that allow users to pose
targeted queries. Examples of such systems include search engines, data inte-
gration systems, and question answering ones.

The basic idea underlying these systems is to provide a uniform query
interface to Web data. They can be roughly classified into query-routing and
query-answering systems. A query-routing system takes a user query and re-
turns the set of data sources deemed most relevant to the query, often in
decreasing order of relevance. The user then explores the sources to obtain
desired information. Examples include search engines, and comparison shop-
ping systems. (Many query-routing systems also provide a taxonomy of the
sources, to further aid user navigation.) A query-answering system takes a
user query, interacts with the sources, and combines data from the source,
to obtain the exact answers to the query. Examples include data integration
systems [40, 61, 43, 48, 19, 3, 56], data warehousing systems [41], and question
answering ones [58, 64].

The described systems form a natural spectrum. At one end of the spec-
trum are search engines, which have limited query interfaces that allow for
ease of querying, but have also very limited data processing capabilities: they
can only route queries, not access and combine Web data to obtain the de-
sired answers. The key advantage is that they are relatively easy to build
and maintain. At the other end of the spectrum are systems that answer nat-
ural language questions. Clearly, such systems have very easy-to-use query
interface and powerful data processing capabilities, but are extremely hard
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to build. Situated between search engines and question answering ones are
systems that handle structured data, such as data integration and data ware-
housing ones. These systems have relatively difficult-to-learn query interfaces
and strong data processing capabilities. They are more difficult to build and
maintain than search engines, but not as difficult as question answering ones.

In what follows we describe some major challenges in building and main-
taining these information processing systems. These challenges have benefited
or can benefit from mining techniques.

Resource Discovery: Search engines must crawl the Web (i.e., “discover”
pages) to build a central index for Web pages. Several works have devel-
oped techniques to crawl the Web efficiently, and to detect and model
changes at pages so that the crawler can focus on pages that change
frequently [20]. For domain-specific search engines, focused crawling to
retrieve Web pages in the domain has been studied [12, 71, 91], as we
mentioned in Section 2.1. However, focused crawling is not yet easy to
deploy and adapt across domains. Thus much more work is still needed in
this direction.

Resource Modeling: Once resources have been discovered, information
processing systems must model the sources for later query processing.
Search engines do not have any notable difficulty in this aspect, as they
consider a Web page as simply a bag of words. In contrast, modeling data
sources for more complex systems (such as data integration ones) is very
difficult and has received much attention [55, 47, 9, 2, 27, 36, 22]. We
have mentioned modeling text sources in Section 2.1 [47, 9]. Modeling a
structured data source typically means recovering the source schema via
examining the HTML pages exported by the source. This process is re-
ferred to as wrapper construction and has been researched actively.

Construction of the Query Interface: Search engines and question an-
swering systems have simple query interfaces. In contrast, the query in-
terface for data integration systems can be fairly complex, often in form of
a relational or object-oriented schema (referred to as the mediated schema)
or an ontology. Constructing such a mediated schema from a set of given
source schemas, or from data and schema in a domain, is a very difficult
problem that has not received much attention, and that can benefit much
from mining techniques. Some recent works (e.g., [45, 17]) provide tech-
niques that can be considered for the above problem.

Relating the Query Interface and the Source Models: To answer a user
query, an information processing system must be able to relate the query
to the source models. This problem tends not arise in search engines,
which regard both queries and Web documents as bags of words. How-
ever, it becomes a key problem in data integration and warehousing sys-
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tems. In such system, the relationships are often captured with a set of
semantic mappings between the query interface and the source schemas
[87, 31, 96]. Manually constructing the mappings is extremely labor in-
tensive and error prone. Hence, numerous works have leveraged a broad
variety of techniques, including mining ones, to automatically create se-
mantic mappings (e.g., [76, 86, 75, 67, 15, 74, 83, 77, 84, 62, 5, 6, 79, 35],
see also [87, 4] for surveys).

Object Matching and Fusion: When passing data across sources or col-
late data from different sources to answer a user query, an information sys-
tem often must detect and “fuse” duplicate objects, to make the answers
more compact and comprehensible to the user. A well-known example of
such duplicate elimination is the removal of duplicate Web pages in the
ranked answers produced by Google. Object matching has been studied
extensively in a variety of communities (e.g., databases, data mining, AI,
Web) [95, 21, 72, 98, 7, 57, 1, 90, 42, 46, 39, 88]. Earlier solutions employ
manually specified rules to match objects [46]. Many subsequent solutions
attacked the problem using a range of mining techniques [95, 7, 90, 72, 24].
The commonality underlying these solutions is that they match objects by
comparing the shared attributes. A recent work [32] extends these previ-
ous solutions by adding another layer that utilizes the correlations among
the disjoint attributes, to maximize matching accuracy. We describe this
work in detail in Section 4.

Evaluating and Ranking the Result: It is important that information
systems evaluate and rank the results in a way that display the most
important results first, to allow the user to quickly locate them. Many
works have addressed this important topic. The well-known works include
the hub-and-authority method [51] and Page Rank [85].

Displaying the Result: Information systems may also want to cluster or
re-organize the answers in certain ways, to ease the cognitive load on the
user and help the user zoom in faster to the desired result. Several recent
works have focused on clustering search engine results [102, 101, 18].

Maintaining the System Over Time: The Web is in constant evolution,
thus maintaining information processing systems by keeping them in tune
with the highly dynamic environment is an extremely challenging task.
We have noted that search engines must constantly recrawl the Web to
maintain up-to-date indexes. Maintaining a data integration system is
even most costly because of the added complexity. One must constantly
monitor and update source schemas. When a source changes, one must
reestablish the semantic mappings and possibly recompute source char-
acteristics. Thus, efficient maintenance of Web information systems is a
crucial task, which can benefit much from mining techniques. This topic
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has only recently received some attention, with several works on using
learning techniques to detect and repair wrappers [54, 59].

In this section we have provided an overview of mining techniques for
information discovery on the Web. In the next two sections we will describe
two recent projects that we have conducted in this area: the PEBL project on
classifying Web pages using only positive training examples, and the PROM
project on matching objects across disparate data sources. The two project
serve to illustrate the issues discussed in the overview, and to highlight novel
research issues in information discovery on the Web that can benefit from
mining techniques.

3 Web Page Classification from Positive Examples

As discussed in Section 2.1, classifying Web pages of an interesting class is
often the first step in building information discovery infrastructures on the
Web.

However, constructing a classifier for an interesting class requires laborious
pre-processing such as collecting positive and negative training examples. For
instance, in order to construct a “homepage” classifier, one needs to collect
a sample of homepages (positive examples) and a sample of non-homepages
(negative examples). In particular, collecting negative training examples is es-
pecially delicate and arduous because (1) negative training examples must
uniformly represent the universal set excluding the positive class (e.g., sam-
ple of non-homepage should represent the Internet uniformly excluding the
homepages) thus it involves laborious manual classifications, and (2) manu-
ally collected negative training examples could be biased because of human’s
unintentional prejudice, which could be detrimental to classification accuracy.

In this chapter, we presents a framework, called Positive Example Based
Learning (PEBL), for Web page classification which eliminates the need for
manually collecting negative training examples in pre-processing and con-
structs a classifier from positive and unlabeled examples. (Unlabeled exam-
ples are automatically collected by a random sampler.) Figure 1 illustrates the
difference between a typical learning framework and the PEBL framework for
Web page classification. The PEBL framework applies an algorithm, called
Mapping-Convergence (M-C), to achieve high classification accuracy (from
positive and unlabeled data) as high as that of a traditional SVM (from pos-
itive and negative data).

We will first discuss related work in Section 3.1, and review the margin-
maximization property of SVM in Section 3.2, which is a key to the M-C
algorithm. We will present the M-C algorithm with theoretical justification in
Section 3.3 and provide experimental evidences in Section 3.4.
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Fig. 1. A typical learning framework versus the PEBL framework. Once a sample
of the universal set is collected in PEBL, the same sample is reused as unlabeled
data for every class.

3.1 Related Work

Traditional classification approaches using both fully-labeled positive and neg-
ative examples, or semi-supervised learning schemes using unlabeled data with
labeled data, are not suitable for our problem because: (1) the portions of posi-
tive and negative data in feature space are seriously unbalanced without being
known (i.e., Pr(P ) << Pr(P )), and (2) the absence of negative samples in
the labeled data set makes unfair the initial parameters of the model and thus
it leads to unfair guesses for the unlabeled data.

Learnining from positive and unlabeled data, often referred to as single-
class classification have been attempted by many different approaches. In
1998, F. Denis defined the PAC learning model for positive and unlabeled
examples, and showed that k -DNF (Disjunctive Normal Form) is learnable
from positive and unlabeled examples [29]. After that, some experimental
attempts [60, 28] have pursued using k -DNF or C4.5. However, these rule-
based learning methods are often not applicable to Web page classification
because (1) they are not very tolerant with high dimensionality and sparse
instance space, which are essential issues for Web page classification, (2) their
algorithms require knowledge of the proportion of positive instances within
the universal set, which is not available in many problem settings, and (3)
they perform poorer than traditional learning schemes given sufficient labeled
data.

Recently, a probabilistic method built upon the EM algorithm has been
proposed for the text domain [65]. The method has several fundamental as-
sumptions: the generative model assumption, the attribute independence as-
sumption which results in linear separation, and the availability of prior prob-
abilities. PEBL does not require the prior probability of each class, and it can
draw nonlinear boundaries using advanced SVM kernels.
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For document classification, Manevitz [69] compared various single-class
classification methods including neural network method, one-class SVM, near-
est neighbor, naive Bayes, and Rocchio, and concluded that One-class SVM
and neural network method were superior to all the other methods, and the
two are comparable.

OSVM (One-Class SVM), based on the strong mathematical foundation
of SVM, distinguishes one class of data from the rest of the feature space
given only a positive data set [94, 69]. OSVM draws a nonlinear boundary
of the positive data set in the feature space using two parameters – ν (to
control the noise in the training data) and γ (to control the “smoothness” of
the boundary). However, OSVM requires a much larger amount of positive
training data to induce an accurate class boundary because its support vec-
tors (SVs) of the boundary only comes from the positive data set and thus
the small number of positive SVs can hardly cover the major directions of
the boundary especially in high dimensional spaces. Due to the SVs com-
ing only from positive data, OSVM tends to overfit and underfit easily. Tax
proposed a sophisticated method which uses artifically generated unlabeled
data to optimize the OSVM’s parameters that “balance” between overfitting
and underfitting [94]. However, their optimization method is infeasibly ineffi-
cient in high dimensional spaces, and even with the best parameter setting,
its performance still lags far behind the original SVM with negative data and
the M-C algorithm without labeled negative data due to the shortage of SVs
which makes “incomplete” the boundary description [99].

3.2 SVM Margin-Maximization Property

SVM has been widely used in many domains of classification problems [34, 49,
97]. It provides several salient properties, such as margin-maximization and
nonlinear transformation of the input space to the feature space using kernel
methods [8, 25]. Here we briefly review the margin-maximization property of
SVM which is a key to the M-C algorithm.

Consider its simplest form, a linear SVM. A linear SVM is a hyperplane
that separates a set of positive data from a set of negative data with max-
imum margin in the feature space. The margin indicates the distance from
the hyperplane (class boundary) to the nearest positive and negative data in
the feature space. (The nearest data points are called Support Vectors.) Each
feature corresponds to one dimension in the feature space. The distance from
the hyperplane to a data point is determined by the strength of each feature
of the data. For instance, consider a resume page classifier. If a page has many
strong features related to the concept of “resume” (e.g., words “resume” or
“objective” in headings), the page would belong to positive (resume class) in
the feature space, and the location of the data point should be far from the
class boundary on the positive side. Likewise, another page not having any
resume related features but having many non-resume related features should
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be located far from the class boundary on the negative side. Basically, SVM
computes the class boundary that maximizes the margin in the feature space.

3.3 Mapping-Convergence (M-C) Algorithm

In this section, we present the Mapping-Convergence (M-C) algorithm. For
convenience of presentation, we use the following notations.

• x is a data instance such that x ∈ U .
• P is a subspace for positive class within U , from which positive data set

P is sampled.
• U (unlabeled data set) is a uniform sample of the universal set.
• U is the feature space for the universal set such that U ⊆ ℜm where m is

the number of dimensions.

For example, the universal set is the entire Web, U is a sample of the Web,
P is a collection of Web pages of interest, and x ∈ ℜm is an instance of Web
page.

We first introduce the notion of “negative strength”. to the M-C algorithm.
Let h(x) be the boundary function of the positive class in U , which outputs

the distance from the boundary to the instance x in U such that

h(x) > 0 if x is a positive instance,

h(x) < 0 if x is a negative instance,

|h(x)| > |h(x′)| if x is located farther than x′

from the boundary in U .

Definition 1 (Strength of negative instances). For two negative in-
stances x and x′ such that h(x) < 0 and h(x′) < 0, if |h(x)| > |h(x′)|, then x
is stronger than x′.

Example 1. Consider a resume page classification function h(x) from the Web
(U). Suppose there are two negative data objects x and x′ (non-resume pages)
in U such that h(x) < 0 and h(x′) < 0: x is “how to write a resume” page,
and x′ is “how to write an article” page. In U , x′ is considered more distant
from the boundary of the resume class because x has more features relevant
to the resume class (e.g., the word “resume” in text) though it is not a true
resume page.

The M-C algorithm is composed of two stages: the mapping stage and the
convergence stage. In the mapping stage, the algorithm uses a weak classifier
Ψ1 (e.g., Rocchio or OSVM), which draws an initial approximation of “strong
negatives” – the negative data located far from the boundary of the positive
class in U (steps 1 and 2 in Figure 3). Based on the initial approximation,
the convergence stage runs in iteration using a second base classifier Ψ2 (e.g.,
SVM), which maximizes margin to make a progressively better approximation
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Fig. 2. Example of the spaces of the M-C algorithm in U

Input: - positive data set P , unlabeled data set U

Output: - a boundary function hi

Ψ1: an algorithm identifying “strong negatives” from U

e.g., Rocchio or OSVM
Ψ2: a supervised learning algorithm that maximizes the margin

e.g., SVM

Algorithm:
1. Use Ψ1 to construct a classifier h0 from P and U which classifies

only “strong negatives” as negative and the others as positive
2. Classify U by h0

* N̂0 := examples from U classified as negative by h0

* P̂0 := examples from U classified as positive by h0

3. Set N := ∅ and i := 0
4. Do loop

4.1. N := N ∪ N̂i

4.2. Use Ψ2 to construct hi+1 from P and N

4.3. Classify P̂i by hi+1

* N̂i+1 := examples from P̂i classified as negative by hi+1

* P̂i+1 := examples from P̂i classified as positive by hi+1

4.4. i := i + 1

4.5. Repeat until N̂i = ∅
5. return hi

Fig. 3. M-C algorithm

of negative data (steps 3 through 5 in Figure 3). Thus the class boundary
eventually converges to the boundary around the positive data set in the
feature space, which also maximizes the margin with respect to the converging
negative data.

The M-C process is illustrated in Figure 3. Assume that P̂ is a subspace
tightly subsuming P within U where the class of the boundary function for P̂
is from the algorithm Ψ2 (e.g., SVM). In Figure 3, let N̂0 be the negative space
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and P̂0 be the positive space within U divided by h0 (a boundary drawn by
Ψ1), and let N̂i be the negative space and P̂i be the positive space within P̂i−1

divided by hi (a boundary drawn by Ψ2). Then, we can induce the following
formulae from the M-C algorithm of Figure 3. (Figure 2 illustrates an example
of the spaces of the algorithm in U .)

U = P̂i +
i⋃

k=0

N̂k (1)

P̂i = P̂ +

I⋃

k=i+1

N̂k (2)

where I is the number of iterations in the M-C algorithm.

Theorem 1 (Boundary Convergence).
Suppose U is uniformly distributed in U . If algorithm Ψ1 does not gener-

ate false negatives, and algorithm Ψ2 maximizes margin, then (1) the class
boundary of the M-C algorithm converges into the boundary that maximally
separates P and U outside P̂, and (2) I (the number of iterations) is loga-
rithmic to the margin between N̂0 and P̂.

Proof. N̂0 ∩ P̂ = ∅ because a classifier h0 constructed by the algorithm Ψ1

does not generate false negative. A classifier h1 constructed by the algorithm
Ψ2, trained from the separated space N̂0 and P̂, divides the rest of the space
(U − (N̂0 + P̂) which is equal to ∪I

k=1
N̂k) into two classes with a boundary

that maximizes the margin between N̂0 and P̂. The first part becomes N̂1 and
the other becomes ∪I

k=2
N̂k. Repeatedly, a classifier hi+1 constructed by the

same algorithm Ψ2, trained from the separated space ∪i

k=0
N̂k and P̂, divides

the rest of the space ∪I

k=i+1
N̂k into N̂i+1 and ∪I

k=i+2
N̂k with equal margins.

Thus, N̂i+1 always has the margin of half of N̂i (for i ≥ 1). Therefore, I will
be logarithmic to the margin between N̂0 and P̂.

The iteration stops when N̂i = ∅, where there exists no sample of U outside
P̂. Therefore, the final boundary will be located between P and U outside P̂
while maximizing the margin between them.

Theorem 1 proves that under certain conditions, the final boundary will
be located between P and U outside P̂. However, in theorem 1, we made a
somewhat strong assumption, i.e., U is uniformly distributed, to guarantee
the boundary convergence. In a more realistic situation where there is some
distance δ between classes, if the margin between hi+1 and N̂i becomes smaller
than δ at some iteration, the convergence stops because N̂i+1 becomes empty.
The margin between hi+1 and N̂i reduces by half at each iteration as the
boundary hi+1 approaches to P̂ and thus the boundary is not likely to stop
converging when it is far from P̂ unless U is severely sparse. Thus, we have
the following claim:
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(a) Boundary after the
mapping stage

(b) Boundary after the first
iteration

(c) Boundary after the sec-
ond iteration

(d) Final boundary of M-C
from P and U

(e) The ideal boundary
drawn by SVM from P and
true N

Fig. 4. Intermediate results of M-C. P is big dots, and U is all dots (small and big).

Claim. The boundary of M-C is located between P and U outside P if U and
P are not severely sparse and there exists visible gaps between P and U .

Note that the M-C algorithm is quite general, as long as the component
algorithms Ψ1 and Ψ2 satisfy the following requirements:

1. Ψ1 must not generate false negatives.
We can use any reasonable classifier, such as Rocchio or OSVM, and adjust
the threshold so that it makes near 100% recall by sacrificing precision.
OSVM is used for Ψ1 for this research, and set the bias b very low to
achieve a high recall. In practice, a small fraction of false negatives can be
handled by the soft constraint of Ψ2 (e.g., SVM). The precision of Ψ1 does
not affect the accuracy of the final boundary as far as it approximates
a certain amount of negative data because the final boundary will be
determined by Ψ2.
Figure 4 shows an example of the boundary after each iteration of M-C.
The mapping stage only identifies very strong negatives by covering a wide
area around the positives (Figure 4(a)). Although the precision quality
of mapping is poor, the boundary at each iteration converges (Figures
4(b) and (c)), and the final boundary is very close to the ideal boundary
drawn by SVM on P and true N (Figure 4(d) and 4(e)). The experiments
in Section 3.4 also show that the final boundary becomes very accurate
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although the initial boundary of the mapping stage is very rough by the
“loose” setting of the threshold of Ψ1.

2. Ψ2 must maximize margin.
SVM is used for Ψ2 for this research. With a strong mathematical founda-
tion, SVM automatically finds the margin-maximized boundary without a
validation process and without many parameters to tune. The small num-
bers of theoretically motivated parameters also work well with an intuitive
setting. In practice, the soft constraint of SVM is necessary to cope with
noise or outliers, though P is unlikely to have a lot of noise in practice
since it is usually carefully labeled by users. In the experiments, a low set-
ting (i.e., ν = 0.01 or 0.1) of ν (the parameter to control the rate of noise
in the training data) performed well for this reason. (We used ν-SVM for
the semantically meaningful parameter [16].)

3.4 Experimental Results

In this section, we provide empirical evidence that the PEBL framework us-
ing positive and unlabeled data performs as well as the traditional SVM using
manually labeled (positive and unbiased negative) data. We present experi-
mental results with two different universal sets: the Internet (Experiment 1 )
and university computer science departments (Experiment 2 ). The Internet
(Experiment 1 ) is the largest possible universal set in the Web, and CS de-
partment sites (Experiment 2 ) is a conventional small universal set. We design
these two experiments with the two totally different sizes of universal sets so
that we verify the applicability of the method on various domains of universal
sets.

Data Sets and Experimental Methodology

Experiment 1. (The Internet) The first universal set in the experiments is the
Internet. To collect random samples of Internet page, we used DMOZ1, which
is a free open directory of the Web containing millions of Web pages. Random
sampling of a search engine database such as DMOZ is sufficient (we assume)
to construct an unbiased sample of the Internet. We randomly selected 2388
pages from DMOZ to collect unbiased unlabeled data. We also manually col-
lected 368 personal homepages, 192 college admission pages, and 188 resume
pages to classify the three corresponding classes. (Each class is classified in-
dependently.) We used about half of the pages of each class for training and
the other half for testing. For testing negative data (for evaluating the clas-
sifier), we manually collected 449 non-homepages, 450 non-admission pages,
and 533 non-resume pages. (We collected negative data just for evaluating the
classifier we construct. The PEBL does not require collecting negative data
to construct classifiers.) For instance, for personal homepage class, we used

1 Open Directory Project, http://dmoz.org
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183 positive and 2388 unlabeled data for training, and used 185 positive and
449 negative data for testing.

Experiment 2. (University computer science department) The WebKB data
set [26] contains 8282 Web pages gathered from university computer science
departments. The collection includes the entire computer science department
Web sites from various universities. The pages are divided into seven cate-
gories: student, project, faculty, course, staff, department and others. In the
experiments, we classify independently the three most common categories:
student, project, and faculty, which contain 1641, 504, and 1124 pages respec-
tively. We randomly selected 1052 and 589 student pages, 339 and 165 project
pages, and 741 and 383 faculty pages for training and testing respectively. For
testing negative data, we also randomly selected 662 non-student pages, 753
non-project pages, and 729 non-faculty pages. We picked up randomly 4093
pages from all categories to make a sample universal set, and the same sam-
ple is used for all the three classes as unlabeled data. For instance, for faculty
page classification, we used 741 positive and 4093 unlabeled data for training,
and used 383 positive and 729 negative data for testing.

We extracted features from different parts of a page—URL, title, headings,
link, anchor-text, normal text, and meta tags. Each feature is a predicate in-
dicating whether each term or special character appears in each part, e.g.,
‘∼’ in URL, or a word ‘homepage’ in title. In Web page classification, normal
text is often a small portion of a Web page, and structural information usually
embodies crucial features for Web pages, thus the standard feature representa-
tion for text classification such as TFIDF is not often used in the Web domain
because it is tricky to incorporate such representations for structural features.
For instance, occurrence of ‘∼’ in URL is more important information than
how many times it occurs. For the same reason, we did not perform stopword-
ing and stemming because the common words in text classification may not
be common in Web pages. For instance, a common stopword, “I” or “my”, can
be a good indicator of a student homepage. However, this feature extraction
method may not be the best way for SVM for Web page classification. Using
more sophisticated techniques for pre-processing the features could improve
the performance further.

For SVM implementation, we used LIBSVM2. We used Gaussian kernels
because of its high accuracy. For single-class classification problem, Gaussian
kernels perform the best because of its flexible boundary shape that fits com-
plicated positive concept [93]. We used theoretically motivated parameters for
SVM (e.g., ν = 0.1 or 0.01, γ = 1

m
) without explicit performing validation

processes since they already perform well.
We report the result with precision-recall breakeven point (P-R), a stan-

dard measure for binary classification. Accuracy is not a good performance
metric because very high accuracy can be achieved by always predicting the
negative class. Precision and recall are defined as:

2 http://www.csie.ntu.edu.tw/∼cjlin/libsvm/
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Precision =
# of correct positive predictions

# of positive predictions

Recall =
# of correct positive predictions

# of positive data

The precision-recall breakeven point (P-R) is defined as the precision and recall
value at which the two are equal. We adjusted the decision threshold b of the
SVM at the end of each experiment to find P-R.

Results

Table 1. Precision-recall breakeven points (P-R) showing performance of PEBL,
TSVM (Traditional SVM trained from manually labeled data), and OSVM (One-
Class SVM) in the two universal sets (U). The number of iterations to the conver-
gence in PEBL is shown in parentheses.

U Class TSVM PEBL OSVM

homepage 88.11 85.95 (7) 43.24
The Internet admission 93.0 95.0 (8) 51.0

resume 98.73 98.73 (4) 26.58

student 94.91 94.74 (14) 61.12
CS Department project 84.85 83.03 (12) 18.18

faculty 93.47 92.69 (14) 40.47
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Fig. 5. Convergence of P-R (precision-recall breakeven point) when the universal
set is the Internet.

We compare three different methods: TSVM, PEBL, and OSVM. (See
Table 1 for the full names.) We show the performance comparison on the six
classes of the two universal sets: the Internet and CS department sites. We first
constructed an SVM from positive (P ) and unlabeled data (U) using PEBL.
On the other hand, we manually classified the unlabeled data (U) to extract
unbiased negatives from them, and then built a TSVM (Traditional SVM)
trained from P and those unbiased negatives. We also constructed OSVM
from P . We tested the same testing documents using those three methods.
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Fig. 6. Convergence of P-R when the universal set is computer science department
sites. UN indicates the SVM constructed from positive and sample of universal set
as a substitute for negative data

Table 1 shows the P-R (precision-recall breakeven points) of each method,
and also the number of iterations to converge in the case of the PEBL. In
most cases, PEBL without negative training data performs almost as well as
TSVM with manually labeled training data. For example, when we collect
1052 student pages and manually classify 4093 unlabeled data to extract non-
student pages to train TSVM, it gives 94.91% P-R (precision-recall breakeven
point). When we use PEBL without doing the manual classification, it gives
94.74% P-R. However, OSVM without the manual classification performs very
poorly (61.12% P-R).

Figures 5 and 6 show the details of performance convergence at each iter-
ation in the experiment of the universal set, the Internet and CS department
sites respectively. For instance, consider the graphs of the first column (per-
sonal homepage class) in Figure 5. The P-R of M-C is 0.65 at the first iteration,
and 0.7 at the second iteration. At the seventh iteration, the P-R of M-C is
very close to that of TSVM. The performance (P-R: precision-recall breakeven
point) of M-C is converging rapidly into that of TSVM in all the experiments.

The P-R convergence graphs in Figure 6 show one more line (P-R of UN),
which is the P-R when using the sample of universal set (U) as a substitute
for negative training data. This is reasonable since U can be thought of as
an approximation of negative data. However, UN obviously degrades the per-
formance because a small number of false positive training data significantly
affects the set of support vectors which is critical to classification accuracy.

For some classes, the performance starts decreasing at an intermediate
point of the iterations in M-C. For instance, the convergence graph of the
project class in Figure 6 shows the peak performance at the 6th iteration, and
the performance starts decreasing from that point. This happens when the
positive data set is under-sampled so that it does not cover major directions
of positive area in the feature space. In this case, the final boundary of M-C,
which fits around the positive data set tightly, tends to end up overfitting
the true positive concept space. Finding the best number of iterations in M-C
requires a validation process which is used to optimize parameters in conven-
tional classifications. However, M-C is assumed to have no negative examples
available, which makes impossible to use the conventional validation methods
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(movie, pyear, actor, rating)

(movie, genre, review, ryear, rrating, reviewer)

Fig. 7. The schemas of two tables in the movie domain. There are many correla-
tions among table attributes (signified with arrows) that can be exploited for object
matching.

to find the best number of iterations. Determining the stopping criteria for
M-C without negative examples is an interesting further work for the cases
that the positive data is seriously under-sampled.

4 Object Matching across Disparate Data Sources

The second project that we discuss in the chapter is object matching: the prob-
lem of deciding if two given objects (e.g., two relational tuples) refer to the
same real-world entity. Object matching is often used to consolidate informa-
tion about entities and to remove duplicates when merging multiple informa-
tion sources. As such, it plays an important role in many information process-
ing contexts, including information integration, data warehousing, information
extraction, and text join in databases (e.g., [95, 21, 72, 98, 7, 57, 1, 90, 42, 46]).

Numerous solutions to object matching have been proposed, in both the
AI and database communities (see the related work section). Virtually all
of these solutions make the assumption that the objects under consideration
share the same set of attributes. They then match objects by comparing the
similarity of the shared attributes.

In this section we consider the more general matching problem where the
objects can also have non-overlapping (i.e., disjoint) attributes, such as match-
ing tuples that come from two relational tables with schemas (age,name) and
(name,salary). We observe that this problem frequently arises in information
integration, when querying a data source, or when merging tuples coming
from different sources. In information integration, the sources are typically
developed in an independent fashion, and therefore are likely to have overlap-
ping, but different schemas. When dealing with such sources, prior work has
not exploited the disjoint schema portions for the purpose of object matching.

In this section we describe the PROM (Profiler-Based Oject Matching) so-
lution that can exploit the disjoint attributes to maximize matching accuracy.
The key observation underlying our approach is that the disjoint attributes
are often correlated, and that such correlation can be leveraged to perform
a “sanity check” for object matching. For example, consider the two tuples
(9,“Mike Smith”) and (“Mike Smith”,200K). Assuming that they match, we
would have a “Mike Smith” who is 9 year old and has a salary of 200K. This
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appears unlikely, based on our knowledge, specifically, on the “profile” that
we have about what constitutes a typical person. This profile tells us that
such relationship between age and salary is unlikely to exist. Thus, the above
two tuples are unlikely to match.

As another example that illustrates the PROM approach, consider two
relational tables that contain information about movies and their reviews,
respectively. Figure 7 shows the schemas of the two tables. The meaning of
most schema attributes are clear from their names, except perhaps pyear and
ryear, which specify the years when the movie was produced and reviewed,
respectively, and rrating, which specifies the rating as given by the reviewer.

Given two tuples from the tables, PROM begins by matching the shared
attribute movie (i.e., movie name), using any of the existing object matching
techniques. If the similarity between the names is low, PROM can discard
the tuple pair as no match. Otherwise, PROM applies a set of modules called
profilers to the tuple pair to perform “sanity check”. A profiler contains knowl-
edge about a specific concept, such as movie, actor, or review. When given a
tuple pair that contain information about the concept, the profiler can exam-
ine the pair to decide if it violates any constraint on the concept.

In our movie example, a tuple pair contains information about several con-
cepts in the movie domains, and therefore can be examined by many profilers.
For example, a review profiler may know that the year in which a review was
published must not precede the production year of the reviewed movie. Thus
this profiler can check if the values of the disjoint attributes pyear and ryear

satisfy that constraint. This profiler may also know that certain reviewers
(e.g., Roger Ebert) have never reviewed any movie with an average rating
below 4 (out of 10). Thus, it may also check reviewer and rating for this corre-
lation. An actor profiler, on the other hand, may know that a certain actor has
never played in action movies, and would check attributes actor and genre. As
yet another example, a movie profiler may know that the average ratings of
a movie tend to be positively correlated. Thus, it may check attributes rating

and rrating. Suppose their values are 9 and 2, respectively, then the profiler
may conclude that the two tuples probably do not match. PROM knows how
to combine the conclusions of the many profilers in order to arrive at a final
matching decision for the tuple pair.

A compelling property of profilers is that they contain knowledge about
domain concepts (e.g., movies, reviews, persons, etc.). Hence, they can be
constructed once, then applied to many object matching tasks, as long as
the tasks involve the concepts. They can be constructed by domain experts
and users, and can also be learned from the data in the domain (e.g., from
all movie tuples in the Internet Movie Database at imdb.com). Alternatively,
they can also be constructed in the context of a specific matching task, from
the training data for that task. But afterwards, they can also be transferred
to other related matching tasks in the domain.

The PROM approach to object matching therefore possesses several desir-
able characteristics. First, unlike previous approaches, it can exploit disjoint
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attributes to maximize matching accuracy. Second, it enables the construc-
tion and transfer of matching knowledge (in form of profilers) across match-
ing tasks. Finally, it provides an extensible framework into which to plug
newly developed profilers, to further improve matching accuracy. Such frame-
works have proven useful for solving other problems, such as schema matching
[31, 30, 66] and information extraction [38, 26], but to our knowledge have
not been considered for object matching.

The key challenges facing PROM are to define, construct, and combine
profilers. In the rest of the section we describe the first steps toward solving
these challenges. Specifically, we make the following contributions:

• We introduce the general object matching problem where objects can also
have disjoint attributes.

• We describe the PROM solution that exploits the disjoint attributes to
maximize matching accuracy. The solution can reuse knowledge from pre-
vious matching tasks, and provides an extensible framework into which
new matching knowledge can be easily incorporated.

• We present preliminary experimental results on two real-world datasets
that show the promise of the PROM approach. The results also show
that extending existing matching techniques in a straightforward manner
to exploit disjoint attributes may actually decrease rather than increase
matching accuracy.

4.1 Problem Definition

We now describe the specific object matching problem that we consider in this
section. Let T1 and T2 be two relational tables. We say two tuples from the
tables match if they refer to the same real-world entity. A table attribute is
called a shared attribute iff it appears in both tables and any two tuples that
match must agree on the value of that attribute. Other attributes are called
disjoint attributes. We assume that tables T1 and T2 have a non-empty set of
shared attributes.

For example, the two tables in Figure 7 share the attribute movie. A match-
ing pair of tuples from the two tables must share the same movie name. In
contrast, attributes rating and rrating are not shared, because the same movie
may have different ratings.

Given the two tables T1 and T2, the matching problem that we consider
is to find all matching tuples between the two tables. This is a very general
problem setting which arises in many contexts, including data integration [95],
data warehousing [1], and text join in databases [42]. In the rest of the section,
we shall use the terms “object” and “tuple” interchangeably when there is no
ambiguity.

The performance of matching algorithms have typically been evaluated
with matching accuracy and runtime efficiency [46, 1]. As the first step, in
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this section we shall focus on improving matching accuracy. Improving run-
time is the subject of future research. In the experiment section we describe
our accuracy measures in detail. In the next section we describe the PROM
approach to solving the above object matching problem.

4.2 The PROM Approach

Figure 8 illustrates the working of PROM. Given two tuples t1 and t2 from
the input tables, the Similarity Estimator computes a similarity value for the
tuple pair and decides if they can potentially match. Note that this similarity
value is computed based solely on the shared attributes. If this module decides
that the similarity value is low, it discards the tuple pair, otherwise it passes
the pair to the Match Filter.

The Match Filter uses a set of hard profilers to check if the tuple pair could
possibly match. A hard profiler contains hard constraints on the concept that
it profiles. If any hard profiler says no, then the pair is discarded from further
consideration. Notice that the Match Filter can also take user specified hard
constraints (treating them as belonging to yet another hard profiler).

Any tuple pair surviving the Match Filter is passed to the Meta Profiler.
This module employs a set of soft profilers. Each soft profiler issues a confi-
dence score that indicates how well the tuple pair fits the profile maintained
by the profiler. The Combiner merges the confidence scores to obtain a single
overall score, then decides based on this score if the tuple pair fit the profile
and thus likely to match. If the decision is “yes”, the pair is stored in the
result table TJ , otherwise it is discarded.

We now describe the PROM module in more detail. We note that the Sim-
ilarity Estimator can employ any of existing object matching techniques (see
the related work section), and hence is not discussed further. In the experi-
ment section we describe specific instantiations of the PROM architecture for
the real-world datasets.
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Profilers: As mentioned earlier, a profiler contains a “profile” of a concept,
that is, the knowledge about what constitute a typical instance of the con-
cept. Most importantly, given a tuple pair that include information about the
concept, the profiler can issue a confidence score on how well the pair fits
the concept “profile” (in a sense, on how well the data of the two tuples fit
together).

A hard profiler specifies “hard” constraints about a concept, that is, con-
straints that any instance of that concept must satisfy. An example of such
constraints is that the review year must not precede the year when the movie
is produced. As another example, an actor hard profiler covers actors and
may specify that a specific actor has never played in a movie with the average
rating less than 4.

Hard profilers can be constructed manually, or automatically by examining
the data in the domain, given that the data is complete. For example, “hard”
constraints about an actor and his/her movie rating can be automatically
derived by examining all movies that involve the actor.

Note that the user can also specify “hard” constraints about the matching
process, and these constraints can be thought of as making up a temporary
hard profiler (see Figure 8). While other hard profilers cover general concepts
and thus can be transferred across matching tasks, some user-supplied “hard”
constraints may be task-specific and thus not transferrable.

A soft profiler also covers a certain concept, but specifies “soft” constraints
that any instance of that concept is likely to satisfy. A movie soft profiler may
specify that the IMDB rating and the Ebert rating of a movie are strongly
correlated, in that they would differ by less than 3. Most movies, but not all,
would satisfy this constraint.

Like hard profilers, soft profilers can also be constructed in several ways.
They can be elicited manually from domain experts and users (then evalu-
ated on some training data to obtain confidence scores for the elicited rules).
They can also be constructed from domain data. For example, we can learn a
Bayesian network from movie instances in the IMDB database. This Bayesian
network would form a soft profiler for movies. Soft profilers can also be con-
structed directly from training data for a particular matching task. Given a
set of matching and non-matching pairs, virtually any learning technique can
be applied to construct a classifier that in essence represents a soft profiler.

Combining Profilers: Since the hard profilers issue “yes/no” predictions
whereas the soft profilers issue confidence scores, we separate the combina-
tion of the two types of profilers, as represented by the Match Filter and the
Combiner. We also believe that separating the combination of profilers this
way improves matching accuracy over methods that combine all profilers in a
single stage; we are verifying this with current research.

The Match Filter uses an AND combination to merge hard profilers’ pre-
dictions. That is, if any hard profiler says no, then the overall prediction is no
and the tuple pair is discarded. The Combiner merges soft profilers’ predic-
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Table 2. Experimental results on the Citeseer dataset

tions by computing the weighted sum of the confidence scores. The weights
are currently set manually, based on some experiments on holdout data. In
the future, we shall explore methods to set weights automatically, in a fashion
similar to that of [31].

4.3 Empirical Evaluation

We now present preliminary results that demonstrate the utility of exploiting
disjoint attributes and the potential of the PROM approach.

Data: We evaluated PROM on two datasets, Citeseer and Movies. The dataset
Citeseer was obtained from http://citeseer.nj.nec.com/mostcited.html, which
lists highly cited authors together with their homepages. An actual line from
this page is “J. Gray homepage-url1 ... homepage-url5”, where the five home-
page urls were suggested by a search engine. The homepages belong to James
Gray at Walker Informatics, Jeffrey Gray at University of Alabama, and so
on. Only one homepage actually belongs to the correct Jim Gray (at Microsoft
Research). Thus, the object matching problem here is to match author names
such as “J. Gray” with their correct homepage urls.

We downloaded the top 200 authors, together with the suggested home-
pages. Since in this first step we only consider matching relational tuples, we
manually converted each homepage into a tuple, by extracting from the home-
page information such as name, name and rank of current university, position,
and graduation year. We removed authors who have no associated homepage
and performed some simple text processing. The final dataset consists of 150
author names and 254 homepage tuples, for an average of 1.7 homepage tuples
per author.

The dataset Movies consists of two tables, with formats (movie-name1,production-

year,avg-rating) and (movie-name2,review-year,ebert-rating,review). They are
obtained from the Internet Movie Database (imdb.com) and Roger Ebert’s Re-
view Page (suntimes.com/ebert/ebertser.html), respectively. The tables consist
of about 10000 tuples and 3000 tuples, respectively.

Algorithms & Methodologies: We begin by describing algorithms ap-
plied to the Citeseer dataset. First, we applied Baseline, an algorithm that
matches tuples based only on the shared attributes: author name with home-
page owner’s name in our case. Baseline converts the values of the shared
attributes into a set of tokens, then compares the obtained sets of tokens.
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Next, we applied three extended traditional algorithms, which extend ex-
isting object matching techniques that exploit only shared attributes to ex-
ploit also disjoint attributes. Extended-Manual manually specifies the matching
rules (e.g., “if similarity(name1,name2) ≥ 0.8 but position=student then the
two tuples do not match”). Thus, in a sense this method extends the manual
method described in [46], which would exploit only shared attributes such
as “name1” and “name2”. Extended-AR is similar to Extended-Manual, but
uses the association rule classification method of [63] to guide the process of
generating rules. The rules of Extended-AR are then manually picked among
the generated rules. In contrast to the above two (semi)-manual methods,
Extended-DT is completely automatic. It extends the decision tree method
in [95], by adding to the training dataset all disjoint attributes, and a new
attribute that specifies for each tuple pair its similarity value, as computed
based on the shared attributes.

Finally, we applied PROM. For the Similarity Estimator, we used the
Baseline algorithm described above. We currently used no hard profilers. We
use three soft profilers: one that consists of several “soft” manually specified
rules, one that uses decision tree techniques, and one that uses association
rule techniques.

We applied similar algorithms to the Movies dataset. We then evaluated
matching accuracy using three measures: recall (number of correct match-
ing pairs in the join table divided by total number of correct matching
pairs), precision (number of correct matching pairs in the join table di-
vided by total number of pairs in the join table), and F-value (defined as
2 ∗ recall ∗ precision/(recall + precision)). These measures have been used
widely in the object matching literature. They also suit our objectives of de-
veloping matching methods that maximize precision and recall.

On each dataset, we performed 4-fold cross validation, and report the av-
erage recall, precision, and F-value. We took care to create folds that are
representative of the overall dataset (see [7] for an example of such fold cre-
ation).

Results: Since the results on both datasets are similar, we report only those
of Citeseer. Table 2 shows the evaluation results for this dataset. Each column
in the table lists recall, precision, and F-value (in that order) for a specific
object matching algorithm.

The results for Baseline (first column) show that it achieves high recall
(99%) but low precision (67%), thereby demonstrating that matching based
on the shared attributes only (names in this case) can be quite inaccurate.
Extended-Manual (second column) decreases recall slightly (by 2%) but in-
creases precision substantially (by 16%), thus demonstrating that exploiting
disjoint attributes (any attribute other than names in this case) can signifi-
cantly boost matching accuracy. Extended-AR (third column) shows similar,
albeit slightly worse, performance to Extended-Manual.
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The automatic method Extended-DT (fourth column) shows some surpris-
ing results: its precision is substantially lower than that of Baseline (58% vs.
67%). This is unusual because one would expect that Extended-DT improve
matching precision, by virtue of exploiting disjoint attributes. A close inspec-
tion reveals that many rules that Extended-DT constructed do not refer to
the similarity values of the input tuples at all. In other words, these rules
match tuples based solely on exploiting the correlation among the disjoint at-
tributes, ignoring the shared attributes. (The previous two methods do not
have any such rules because those rules are manually constructed or verified.)
It’s thus clear that such rules will not be very accurate on the testing data.
This surprising result suggests that extending prior matching techniques in
a straightforward manner to handle disjoint attributes may actually decrease
rather than increase matching accuracy.

For the PROM algorithm, besides examining its performance with respect
to the baseline and extended algorithms, we also want to know if adding more
profilers would be better accuracy-wise than fewer profiler. Thus, we ran four
variations of PROM (see the last four columns of Table 2. The DT variation
uses only one soft profiler, which is the decision tree method. Man+DT uses
the soft manual profiler and the soft decision tree profiler. Man+AR is similar
to the above variation, but replacing the decision tree with the association
rule classifier. Finally, Man+DT+AR is the complete PROM algorithm.

The results of PROM show that the DT variation beats the Extended-DT.
This suggests that extending prior matching techniques to exploit disjoint
attributes in the PROM manner is promising and potentially better than a
straightforward extension of traditional techniques. The results also show that
the complete PROM system (last column) achieves the highest F-value (0.91)
over any previous method, due to high precision and recall. (In particular, this
algorithm found the correct Jim Gray homepage that the Baseline algorithm
could not.) The results suggest that PROM obtains the best performance and
that adding more profilers may improve matching accuracy, because more
matching knowledge can be utilized.

In summary, the preliminary results on the two datasets suggest that:

• exploiting disjoint attributes can substantially improve matching accuracy,
but

• exploiting them by straightforwardly extending existing techniques may
actually decrease rather than increase matching accuracy, and

• the PROM approach can exploit disjoint attributes and domain knowledge
to improve accuracy over baseline and extended traditional methods.

Discussion: We are currently experimenting with several new methods to
learn profilers in these domains (e.g., Naive Bayes as well as methods that do
not require training data). We also plan to transfer the profilers constructed
in these matching tasks (e.g., the decision tree soft profiler) to other related
matching tasks to examine the effect of transferring such knowledge. We are
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also particularly interested in learning profilers from domain data, indepen-
dently of any matching task (e.g., learning movie and actor profilers from
imdb.com), then applying these profilers to matching tasks in the domain.

4.4 Related Work

Our work builds upon numerous matching solutions that have been developed
in the AI, database, and data mining communities (e.g. [95, 21, 72, 98, 7, 57,
1, 90, 42, 46, 39, 88]). Earlier solutions employ manually specified rules to
match objects [46]. Many subsequent solutions learn matching rules from a
set of training data created from the input tables [95, 7, 90]. Several solutions
focus on efficient techniques to match strings [78, 42]. Others also address
techniques to scale up to very large number of objects [72, 24]. The common-
ality underlying these solutions is that they match objects by comparing the
shared attributes. Our solution extends these previous solutions by adding
another layer that utilizes the correlations among the disjoint attributes, to
maximize matching accuracy. Our use of attribute correlation bears some re-
semblance to the work [50], in which the authors exploit statistical correlation
among schema attributes to find semantic mappings between the attributes
of two relational tables.

The topics of knowledge reuse and incorporating prior knowledge have
been studied actively in the AI community. More closely related to our ap-
proach, several AI works have considered the issue of reusing classifiers that
are learned in other domains (e.g., [23]). Our work differs from these in several
aspects. First, we also reuse knowledge types other than classifiers (e.g., the
manual profilers). Second, when reusing classifiers we do not attempt to reuse
arbitrary classifiers from other domains. Instead, we advocate building task-
independent classifiers and reusing only those. This is possible in our context
due to the frequent recurrence of common concepts in matching tasks within
a domain. For example, any matching task in the movie domain is likely to
involve the concepts of movie, review, actor, and so on.

Recently, knowledge reuse has received increasing attention in the database
community, and several works on schema matching [6, 30, 66, 31] and data
integration (e.g., [89]) have investigated the issue. Our work can be seen as a
step in this direction. To our knowledge, this is the first work that attempts
to reuse knowledge in the context of object matching.

4.5 Summary

Object matching plays an important role in a wide variety of information
management applications. Previous solutions to this problem have typically
assumed a uniform setting where objects share the same attributes. In this
section we have considered a more general setting where objects can have
different but overlapping sets of attributes. Such a setting commonly arise
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in practice, where data sources are independently developed and thus are
unlikely to share the same schemas.

We have proposed the PROM solution that builds upon previous work,
but exploits the disjoint attributes to substantially improve matching accu-
racy. To do this, PROM employs multiple profilers, each of which contains
information about a certain concept in the matching task. The profilers can be
specified by domain experts, learned from training data that is obtained from
the input objects, transferred from related matching tasks, or constructed
from domain data. Most importantly, the profilers contain task-independent
information and thus can be reused once constructed. This makes the PROM
approach labor-saving and maximizing accuracy on any particular matching
task. Preliminary experiments on two real-world datasets show the promise
of the PROM approach.

Our approach also suggests a broader knowledge-reuse methodology: within
any particular task, isolate knowledge that is task-dependent (e.g., similarity
knowledge) from that which is task-independent (e.g., profile knowledge). The
latter, once learned, can be reused across tasks. This methodology is clearly
not always applicable, but can be effective in appropriate settings, as we have
demonstrated. Our future research, besides developing the PROM solution –
as discussed in the experiment section, will aim to further explore this idea.

5 Conclusion

Information discovery on the Web remains a central theme of Web research
into the foreseeable future. Numerous mining techniques have been developed
to address this problem. In this chapter we have surveyed these techniques. We
have also described two of our recent projects that address different aspects
of the problem. The PEBL project develops methods to classify Web pages
using only positive training examples, while the PROM project focuses on
matching objects across disparate data sources. The two projects specifically
illustrate the use of mining techniques for information discovery.

Our overview and the described projects point to several emerging oppor-
tunities for research on Web mining. Clearly, there are additional issues to
consider in Web page classification, as discussed in Section 3.4, and there are
many opportunities for mining techniques to address building Web informa-
tion processing systems, as discussed in Section 2.2. The mining efforts that
help build next-generation information processing systems remain both chal-
lenging and crucial. These new systems will have the ability to handle both
unstructured and structured data, to return the results in the way desired by
the user, and to incur only a low cost of ownership.

Acknowledgments: We thank Ying Lu and Yoonkyong Lee for obtain-
ing the datasets and conducting the experiments in the PROM project, and
for valuable comments on parts of this chapter.
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