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Abstract

In this paper we present DEByE (Data Extraction By Ezample), an approach to extracting
data from Web sources, based on a small set of examples specified by the user. The novelty
is in the fact that the user specifies examples according to a structure of his liking and
that this structure is described at example specification time. For the specification of the
examples, the user interacts with a tool we developed which adopts nested tables as its visual
paradigm. Nested tables are simple, intuitive, and allow shielding the user from technical
details (such as HTML tags, formatting operators, and learning automata) related to the
extraction problem. The examples provided by the user are then used to generate patterns
which allow extracting data from new documents. For the extraction, DEByE adopts a
new bottom-up procedure we proposed which is very effective with various Web sources, as

demonstrated by our experiments.
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1 Introduction

The spreading of modern digital libraries and the popularization of the Web have made a huge
volume of textual information available to a very large audience. In fact, just the amount of Web
data in text format is estimated to be in the order of one terabyte [8]. Additionally, a large and
ever increasing audience has demonstrated great interest in accessing information. This leads to
a great necessity of new and efficient tools to manage, retrieve, and filter information in the Web.

The need for new Web data management tools is further stressed by the fact that finding the
desired information in the large text databases present in the Web is not a trivial task. In fact,
it is well known that many Web users find it difficult (and frequently impossible) to locate the
information of their interest. One main reason is that users might be interested in semistructured
data (which exists in many Web pages) that is not recognized by traditional Web interfaces and
search engines. New tools for solving this problem are in great demand.

It is worth noticing that the spreading of XML (as a standard format for Web data publish-
ing and interchanging) does not provide a trivial solution to the problem of retrieving existing
semistructured Web data. The reasons are multi-fold: (1) the volume of HTML pages currently
available is yet enormous and it is increasing; (2) XML is meant to be deployed in business-to-
business scenarios, which suggest that most users will continue to access data in HTML format;
(3) since it is necessary to translate from HTML to XML, new tools for managing semistructured
data can greatly simplify the task; and (4) in many cases, this new technology can also be used
for dealing with non-HTML data sources (e-mail, business reports, scientific documents, program
output, etc.). Thus, new solutions to the problem of retrieving (or extracting) semistructured
Web data continue to be of great interest.

In this work in particular, we are mostly interested in studying the problem of how to gain
access to semistructured data which is present in Web pages but is not readily available. To
appreciate the relevance of this problem, consider a Web site of a bookstore such as “Murder by
the Book” (a bookstore specialized in mystery books) [39]. Figure 1 presents a snapshot of a page
of this site, which also includes data on thousands of other books. For each book, the site exhibits
data on authors, titles, publication, year, and price. These data are attributes or features of a

book and are readily recognizable when we glance through the Web page. Such features define an



implicit structure associated with each book listed. This structure is said to be implicit because
it has not been declared explicitly as done when we specify the schema of a database. Further,
since this structure might vary from one book to another (for instance, information on the number
of pages might be available for one book but not for another), we say that the actual data is

semistructured [2, 11, 24].

MURDER BY THE BOOK’s English Imports

PAPERBACKS:

Agatha Christie —— The Adventure of the Christnas Pudding —— $5.95; The Hound of Death —— $8.95; Miss
Mazple’s Final Cases — $8.95; Poirot's Early Cases —— $8.95; Problem at Pollensa Bay —— $8.95; The Mary
Westimacott Collection (as Mary Westmacott; includes: A Daughter's a Daughter; The Burden; The Rose and the Yew
Tree)

Pat Burden——Bury Him Kindly——$8.95; Screaming Bones——38.95

Leslie Charteris——($6.95 each) Saint Bids Diamonds; Saint Goes West; Saint's Getaway; Saint in Pursuit

Reginald Hill-—author of the Dalziel and Pascoe novels, as seen on MYSTERY!——($10.95 each) Ar April Shroud; A
Clubbable Woman; A Killing Kindness; Deadheads; Child’s Play; Underworld; The Only Game (as Patrick Ruell)

Figure 1: Excerpt of a page from the Murder by the Book Web site.

Consider a user who is interested in mystery books which cost between US$5.00 and US$7.00.
Since the data on book prices might appear mixed in the text, this user might need to browse
through the pages of the site to find books within his cost constraints. If the number of pages is
large, this browsing task becomes tedious and time consuming. To avoid this problem, we could
extract the data from the Web pages automatically and store them in a data repository (e.g.,
a database) for later querying. This would allow easily retrieving books with a price between
US$5.00 and US$7.00.

The automatic recognition and extraction of semistructured data constitutes a current and
important research topic concerning the Web [4, 6, 19, 20, 22, 23, 26, 30, 33, 36, 43, 46, 47]. More
formally, the problem of extracting data from Web sources can be stated as follows. Given a
Web page S containing a set of implicit objects, determine a mapping W that populates a data
repository R with the objects in S. The mapping W must also be capable of recognizing and
extracting data from any other page similar to S. We use the term similar in a very empirical
sense, meaning pages provided by a same site or Web service, such as pages of a same Web
bookstore. In the recent literature, any software that executes the mapping W has been termed

a wrapper.



An important point concerning the generation of such a mapping is defining what an object
is. For instance, in the page excerpt of Figure 1, one may be interested in extracting only names
of authors, while others may be interested in titles and prices of books. Further, a third user may
be interested in extracting entire author’s entries present in the page, that is, names along with
lists of the titles of their books, and the corresponding prices. Notice that, in this last case, we are
dealing with complex objects which present a nested structure. Further, we must expect situations
in which distinct objects associated with the same semantics present distinct structures. That is,
structural variations such as the absence of an attribute or out of order attributes are expected
to occur. In Figure 1, for instance, the entries corresponding to the authors “Pat Burden” and
“Leslie Charteris” present noticeable structural variations.

In this paper, we present a new approach for generating wrappers that implement the mapping
W, which we call DEByE (Data Extraction By Ezample)'. The motivation is to let the user or
database designer specify a target structure for the data to be extracted. Contrary to most
approaches in the literature, DEByE does not require the user (or database designer) to describe
the inherent structure of a whole Web page. Instead, the user pick pieces of data of interest
from the source page and insert these data into a structure of his liking. The structure the user
devises might be rather distinct from the inherent structure of the whole Web page. This approach
has some advantages: (a) the user is shielded from many of the details required to describe the
inherent structure of a whole Web page, (b) the user can map the data into a new structure of
his preference even before the data has been extracted, (c¢) the step of providing examples for
the extraction procedure is simpler and more intuitive than other approaches described in the
literature. Our approach innovates by combining an intuitive paradigm for the specification of the
target data with a suitable strategy for recognizing and extracting objects with nesting levels and
structural variations, features typical of data found in Web pages.

The idea of using examples for generating wrappers is not new and has been applied in recent
works in the area of machine learning [30, 33, 43]. However, these approaches rely on the knowledge
of the structure of the page containing the data to be extracted. To illustrate, in the work described

in [33] six distinct kinds of page structure are identified and specific classes of wrappers are

1 This name is an homage to Moshé Zloof, creator of QBE [52], who suggested the paradigm we use to specify

the data to be extracted from Web pages.



proposed do deal with each one of them. However, only the generation of wrappers that deal with
pages containing flat tuples with a fixed structure are actually addressed. In [30] a generalization
of this work is proposed that can deal with possible variations in the tuples (e.g., changes in the
order of the attributes or missing attributes), but the limitation of dealing with flat structures
remains. The strategy proposed in [43] allows the extraction of nested objects, but it also relies on
a previous description of the structure of the target page, which is separately encoded. In DEByE,
each example provided by the user suggests a possible structure for the objects being extracted
(which, frequently, constitutes a small portion of the structure of the whole page). This adds
flexibility to the extraction process and provides a natural and efficient way of handling nested
objects and structural variations.

Based on our data extraction approach, we implemented a tool that is used in our experiments.
To allow a convenient specification of examples, the DEByE tool represents the structure of the
data through nested tables [37, 48]. Nested tables are interesting because they are simple, intuitive,
and are expressive enough to represent the semistructured data normally present in common Web
pages [34]. The examples provided by the user are used to generate extraction patterns which allow
extracting new data from new Web pages. For this, we use techniques from information retrieval
to build an extraction strategy which is very effective with various Web sources, as demonstrated
through experimentation.

In this work, we describe the DEByE extraction process as a whole, since the interaction of the
user with the GUI until the instantiation of the extracted objects. We run a thorough round of
experimentation (which includes 15 distinct Web sources) and provide a complete analysis of our
results. A comparison with other approaches in the literature is also included. This complements
the work we did in [34, 46, 47].

The paper is organized as follows. In Section 2 we introduce the DEByE approach. Section 3
discusses our strategy for recognizing and extracting semistructured data in new Web pages. In
Section 4, the main features of the DEByE tool are discussed. Section § shows the results of the
experiments we have performed using the tool. In Section 6 we discuss related works and compare

our approach with them. Finally, Section 7 presents our conclusions.



2 The DEByE Approach

For illustrative purposes, we consider the excerpt of a page from the Murder by the Book Book-
store [39] Web site shown in Figure 1.

At first, we notice that there is an inherent structure to the text on this page. In fact, we are
able to identify four distinct pieces of data which refer to four authors and some of their books.
We consider each one of these pieces of data as a distinct object that appears implicitly in the
text. For each of these objects, we are able to distinguish an author name and a corresponding
list of books. Further, for the books in a list, we can identify book titles and prices. As it can be
noticed, there is an inherent and implicit structure associated with the objects in this Web page
which can be perceived by a user either entirely or at least partially. Such structure has not been
declared anywhere but is clearly identifiable. Texts or pages which present such a type of inherent
structure and whose data is restricted to a specific domain are said to be data rich and narrow in
ontological breadth [21, 22, 23]. Such pages constitute the target of our study and are referred to
simply as data rich pages.

The implicit objects in Figure 1 have a multi-level structure and, because of that, are said
to be complex objects. To illustrate, Figure 2 displays a hierarchical structure for the object
corresponding to data on the books by Agatha Christie. As we can see, the object Author is
composed of two other objects that are called component objects or simply components [34]. The
first component (Name) is an attribute (or atom) object. The second component (Book) is a list
object, or simply a list. This list is composed of several identical tuple objects, or simply tuples,
each one composed of two attributes (Title and Price)

Author
\
| |
Name Book
Agatha Christie | \ |
Title Price
{(The Adventure of the Christmas Pudding, 5.95),
(The Hound of Death, 8.95)}

Figure 2: Hierarchical structure for one of the implicit objects in Figure 1.

Because the structure of the implicit objects (i.e., the focus is on the objects of interest to

the user, not on the structure of the page) might not be easily recognizable at first, some type



of procedure for facilitating the task of specifying this structure should be provided. In the
DEByE approach, this is done indirectly through the specification of an example object. This
is accomplished by cutting pieces of data from a sample page and inserting these pieces into
a nested table. Nested tables are adopted as the DEByE interface paradigm because they are
intuitive and simple to specify. For instance, Figure 3 illustrates a nested table (built using the
graphical interface described in Section 4) that represents the complex object in Figure 2 (only
one book title is shown). While assembling the example, the user concentrates on arranging the
nested table such that it reflects his interpretation of the data. Nested tables provide an intuitive
metaphor that can be effectively used by various people for properly specifying their interpretation
of the structural information implicit on a data rich Web page. Furthermore, as demonstrated
by our experiments [34], such metaphor is so convenient that it very frequently leads to the same
representation of the implicit structural information whenever the users have the same view (or
interpretation) of the data.

It is worth noting that representing semistructured data using formats such as XML [9] or
OEM [45] provides much more expressiveness and flexibility than using nested tables. Indeed, in-
tuitively, every nested table can be represented in terms of complex objects, although the contrary
is not necessarily true. Thus, nested tables are not as powerful as XML or OEM. For this reason,
in our work we extend the usual notion of nested tables to allow representing variations in the
structure of the data (details can be found in [34]).

Recognizing the structure of the data solves a part of the problem. Another critically important
part is the issue of how to automatically extract new data from new Web pages to populate a
given nested table. For this, we again take advantage of information provided indirectly by the
user while specifying an example object, as follows. To assemble an example, the user must first
mark and cut pieces of data from a sample Web page. Fach time he marks a piece of data,
he also indicates implicitly a syntactic context in which that piece of data appears in the page.
Using techniques from the area of information retrieval, we demonstrate that such context can be
characterized without human intervention and then used effectively to guide an automatic data
extraction procedure. Because of this characteristic, there is no need for encoding either implicitly
in the extraction procedure or separately information on the structure of the target pages as

required by other approaches in the literature [4, 30, 33, 36, 43].



The combination of nested tables with the automatic identification of a syntactic context
associated with the data to extract provides high interactivity. By high interactivity, we mean that
the user or database designer can specify example objects, examine the results of the extraction
process, and specify new example objects if necessary in a matter of minutes. This interactive
cycle can be done quickly because the user does not have to be concerned with the whole structure
of the text source. Most important, this degree of interactivity shields the user from details of
the extraction process and allows him to focus on the task of specifying examples that reflect his
interpretation of the data.

As we shall see later, a couple of examples is usually sufficient to describe the inherent structure
of the objects on a typical data rich Web page and to generate extraction patterns required to
process hundreds of new (but similar in structure) pages. Most important, the whole approach
is intuitive and can be easily grasped by a user, as demonstrated by the experiments we carried

out [34].

FlTable window

Author . |

[ Mame | Book
#gatha Ch... | Title | Price | -
The Adwve.. |5.95

[ET |

(]
CED|

-

4 ]

Figure 3: A nested table corresponding to the hierarchical structure in Figure 2.

Figure 5 presents an overview of the whole DEByE approach. The two modules called Graph-
ical User Interface (GUI) and FExtractor compose what we call the DEByE tool. These two
modules communicate through an intermediary data structure called Object Extraction Patterns
(oe-patterns). The GUI module provides the user with a Java interface that he uses to assemble
the example objects. To assist the user with this task, the interface displays sample pages from
the target Web source and allows the user to cut and paste data from these sample pages. The
assembled objects are then used to generate oe-patterns for extracting new objects. The Extractor

module takes these patterns and applies them to new pages from the target Web source. This



matching strategy allows identifying new objects which are then extracted and provided as output
of the DEByE tool. The set of Extracted Objects is coded in an XML-based format which can be
easily converted to other format or inserted into (nested) tables for later querying. To illustrate,
Figure 4 shows an object described according to such a format. The attributes ipos and fpos

indicate the initial and the final positions for the occurrence of the piece of data in the source text.

<TUPLE type="Author">
<ATOM type="Name">
<VALUE ipos="2058" fpos="2073">Agatha Christie</VALUE>
</ATOM>
<LIST type="Book">
<TUPLE type="Book">
<ATOM type="Title">
<VALUE ipos="2084" fpos="2122">The Adventure of the Christmas Pudding</VALUE>
</ATOM>
<ATOM type="Price">
<VALUE ipos="2131" fpos="2135">5.95</VALUE>
</ATOM>
</TUPLE>
<TUPLE type="Book">
<ATOM type="Title">
<VALUE ipos="2257" fpos="2280">The Hound of Death</VALUE>
</ATOM>
<ATOM type="Price">
<VALUE ipos="2289" fpos="2293">8.95</VALUE>
</ATOM>
</TUPLE>
</LIST>
</TUPLE>

Figure 4: Example of an extracted object described according to our XML-based format.

-

DEByE
User Tool

Object Extraction|  pulpy Extractor Extracted Objects
Patterns

Figure 5: Modules of the DEByE tool and their role in the data extraction process.




3 Data Extraction

In DEByE, the examples of objects specified by the user are used to generate Object Extraction
Patterns (oe-patterns). These oe-patterns combine structural and textual information that are
used to recognize and extract new objects.

In this section, we discuss the generation of oe-patterns and present two extraction strategies
called top-down and bottom-up. The extraction approaches we propose are entirely based on the
assumption that the user is able to provide examples of objects to extract. The discussion on how
the user can specify such example objects is postponed until Section 4. We begin by introducing

some necessary notation and terminology.

3.1 Notation and Terminology

For representing complex objects we use the notion of an object type. An object of a specific
object type is called an instance of that type. Definition 1 presents the syntax and the semantics

of object types we adopt in this paper.

Definition 1 We define an object as a pair o = (1,v), such that v € dom(r), where T is the type
of 0, v is the value of o, and dom(7) is the domain of 7. Further, o is said to be an instance

of . Types are defined as follows:

o Ifdom(r) = {a1,az2,a3,...,a,} (n > 1) is a set of atomic values, then T is an atomic type
or a-type. Instances of a-types are termed atoms. The pair (T,a;) is referred to as an

Attribute-Value Pair (AVP).

o If11,72,...,7Tn (n > 2) are types, then 7 = (11,72, ..., Ta) s a tuple type or t-type. In this

case, dom(7) = dom(m1) X dom(12) X ... X dom(7y,). Instances of t-types are termed tuples.

o If 79 is a type, then {79} is a list type or l-type. In this case, dom({r}) = {i —

dom(mg) | i € {1,...,|dom(7)|}. Instances of l-types are termed lists.

o Ifr,7a,...,Tn (n > 2) are types, then T = [11,Ta,...,Ty] is a variant type or v-type. In
this case, dom(r) = dom(m1) Udom(m) U...U dom(r,). Instances of v-types are termed

variants.
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Informally, a-types, t-types and l-types capture the usual notions of atoms, tuples and lists,
respectively. To capture the semistructured nature of typical Web data, we adopt the notion of a
v-type [35]. Instances of a v-type are objects of any type from a list of types called the alternatives

of the variant type.

3.2 Object Extraction Patterns

Object Extraction Patterns (oe-patterns) are patterns used by the Extractor module as illustrated
in Figure 5. The oe-patterns describe the hierarchical structure of the example objects (specified
by the user). A typical hierarchical structure is shown in Figure 2. The nodes at the bottom of
the hierarchy are used to match AVPs and are called Attribute-Value Pair patterns (avp-patterns).

Before discussing oe-patterns, we first define avp-patterns.

Attribute-Value Pair Patterns

Definition 2 An Attribute-Value Pair Pattern (avp-pattern) is a pair {r, p), where T is an atomic
type (i.e., an a-type) and p is a text pattern. The text pattern p is used to match string values, in

the domain of the a-type T, as they occur in a given text (i.e., in an HTML page).

Each string a; that matches p is used to compose an AVP described as (7, a;). To each such
AVP we associate a local syntactic context that can be derived from the strings surrounding the
AVP value in the text. For this, we use the concept of a passage (or window) and techniques from
information retrieval [8, 15, 31], as follows. The tokens surrounding the AVP value constitute a
passage that can be used as its local context. For instance, Figure 7 illustrates the value 10.95 of
type Price (which occurs in a page of the Murder by the Book Web site as illustrated in Figure 6)
and a passage that can be used as its local context. Using this context information, we build an
avp-pattern which can be later used to identify other values for the type Price. Figure 8a illustrates
a possible representation of this avp-pattern. We refer to this avp-pattern as (7, spre*Ssuf), where
the symbol * is used to match any sequence of characters (representing a value selected by the
user to assemble an example), the symbol s, refers to a string that is a prefix for *, and the
symbol s, s refers to a string that is a suffix for *.

The avp-pattern in Figure 8a is too specific and will most likely not match other values expected

for Price. The key problem is that this pattern includes too much information about the local
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Malcolm Hamer--GOLF MYSTERIES!--

A Deadly Lie--$10.95; Dead on Line--$13.95;

Shadows on the Green--$10.95; Sudden Death--$9.95;

Figure 6: A sample text.

value

A Deadly Lie--$| (10.95

Figure 7: Example of an AVP context.

; Dead on Line

context in which the value 10.95 appeared. Thus, to be able to effectively use this avp-pattern for
recognizing and extracting new values for the type Price in other Web pages, we must transform
this pattern into a new pattern that is more general in the sense that it contains less contextual
information. Figure 8b shows a variation of the avp-pattern for the value 10.95, generated by
reducing the length of the prefix sp.. and the length of suffix ss,¢. This new avp-pattern can
now be used to effectively match other values for Price in this page. In general, the generation of
avp-patterns can be accomplished as follows.

Given an AVP selected by the user, we determine a passage surrounding this AVP value in
the text. Initially, we adopt symmetric passages composed of W text tokens to the right and W
text tokens to the left of the AVP value. Due to heuristics applied to token identification (for
instance, a run of spaces is considered a single token), an avp-pattern might result asymmetric as
illustrated in Figure 8b. We start with a small pattern composed solely of the symbol *, of a token

to its right and of a token to its left. These tokens can be character strings or special symbols.

Spre Souf
A Deadly Lie--$] ; Dead on Line
(a)

Spre Sou
G]

(b)

Figure 8: Examples of avp-patterns.
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For instance, in Figure 8b the initial avp-pattern would be composed of the symbol * surrounded
by the prefix “--$” and the suffix “;”. Notice that the prefix and the suffix are very useful, are
present in the page, and can be recognized automatically once the user marks 10.95 as a value
of his interest. We then parse the sample page (which is displayed on the user screen) looking for
matches to the avp-pattern just defined, and count the number of matches. This count is compared
with an estimate, provided by the user, for the number of price values in the example page (see
Section 4). If the number of matches counted exceeds the number of price values provided by the
user, we add additional terms to the pattern, increasing its width W and the amount of contextual
information attached to it. This process is repeated automatically until we have a good definition
for the local context of the AVP in consideration (we stop when the number of matches is smaller
than the number of price values identified by the user). Notice that all the user has to provide
is a single number that indicates the number of instances (values) of Price he sees in the sample
page. This number does not need to be the exact number of occurrences of Price. In most cases, a
rough approximation of this number is sufficient to adjust the width W of the avp-pattern. Such
information is simple to provide and presents little inconvenience to the user.

The resulting avp-patterns are then used to compose an Object Extraction Pattern (oe-pattern),

as we discuss in the immediately following.

Oe-patterns

Oe-patterns are essentially trees containing information on the structure of the objects and on
their associated AVPs. The sub-trees of an oe-pattern are themselves oe-patterns, modeling the
structure of component objects. At the bottom of the hierarchy lie the avp-patterns, used to

identify atomic components (AVPs).

Definition 3 An oe-pattern o, is a tree whose internal nodes are of the form (t,0), where T is the
type of the node and o is another oe-pattern (i.e., a “sub” oe-pattern). The leaves of an oe-pattern
are avp-patterns, as previously defined. The function leaves(o.) returns the set of nodes in the
leaves of o, while the function root(o.) returns the root node of o.. Let n = (T,0) be a node of
the oe-pattern o.. We define type(n) = 7 as a function that returns the type of n. Further, if n is

an internal node, children(n) gives the set of child nodes of n.
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For pages with non-homogeneous objects (such as the pages of the Murder by the Book site
in Figure 1), the user has to specify more than one example object. For instance, in Figure 1, the
user has to specify a second example object, besides the example object illustrated in Figure 2, to
indicate that, in the case of the author Leslie Charteris, the price of all her books is the same. In
this case, a distinct oe-pattern is generated for each of the two example objects provided by the

user.

3.3 Extraction Strategies

In this section, we discuss two distinct strategies for extracting new objects from new Web pages,
given an oe-pattern. These strategies are labeled top-down and bottom-up. The top-down strategy

was first presented in [47], while a first version of the bottom-up strategy was presented in [46].

Top-down Extraction Strategy

Given a small set of example objects, a simple strategy for extracting new objects from new pages
consists in: (a) assembling an oe-pattern for each example object and (b) using these oe-patterns
to directly recognize new objects. This can be accomplished roughly by the algorithm in Figure 9
(consider, for a moment, that the examples provided by the user are flat, i.e., they have a single

level hierarchical structure) which is described here in high level. This algorithm assembles an

TD-Extraction
begin
Let G be a set of Web pages given as input;
combine all the avp-patterns to form an oe-pattern for whole objects;
foreach page g in G do
use the oe-pattern to recognize and extract new objects;
end
output the newly extracted objects;

end

Figure 9: The top-down algorithm.

oe-pattern and uses this pattern to identify new objects in new pages. This procedure is repeated
if more than one example object is provided (in this case, more than one oe-pattern is assembled).

We say that the algorithm is top-down because it recognizes whole objects which are then broken

14



down into their components.

Despite its simplicity, this top-down extraction strategy works well with pages that are well
structured (i.e., that are data rich and present none or little variation in their structure). For pages
with variable structure (which are quite common in the Web), a distinct bottom-up extraction

strategy is more appropriate, as we now discuss.

Bottom-up Extraction Strategy

The main feature of our bottom-up extraction strategy is that it recognizes and extracts atomic
components (i.e, AVPs that lie at the bottom of the hierarchical structure of a complex object),
prior to the recognition of the object itself. The extracted AVPs are then used to assemble the
object through a bottom-up composition operation. Before discussing the bottom-up algorithm,

we introduce some necessary notation.

Definition 4 We extend our early notation and represent objects by a triple o = (1,v,l), where T
is the type of the object, v is its value, and the parameter | is called the index of the object. The
index provides the relative location of the object within the source page from where it originates.
For any given object o = {1,v,1), we define the function type as returning the type of o, that is,

type(o) = 7. Similarly, we define the indexing function £ as returning its indez, that is, £(0o) = I.

Another important notion for our purposes is the sequencing of objects in the source page.

This leads to the definition of a sequence, as follows.

Definition 5 Let O be a set of objects. We define a sequence in O as any ordered subset S =
(01,02,...,0n) (n > 1) of O such that: (1) i < j iff £(0;) < £(0;) and (2) there is no o € O such

that £(0;) < £(0) < (0i+1) (i < m).

In other words, sequences are simple occurrences of consecutive objects in O.

Our bottom-up extraction strategy is considerably more complex than the top-down strategy,
as illustrated in Figure 10. The algorithm takes as input an oe-pattern o, and a Web page g.
Instead of using the oe-pattern o, for recognizing whole objects, the algorithm uses the avp-
patterns of o, (i.e., the leaves of o.) to match strings in the source page g. For each avp-pattern
(7, p) the algorithm obtains all strings within the current page g that match p. Each matching

string s is used to compose an atomic object (7,s,l), where the index [ is the position of the
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Bottom-Up Extraction

Input
A Web page g;
An oe-pattern og;

Let R be a global variable that stores the set of objects being assembled;
begin
Extraction Phase
foreach avp-pattern (7, p) € leaves(oe), do
foreach string s in page g that matches p do
Let ! be the location of the string s in page g;
R« RU{(7,5,D)}; (S1)
end
end
Assembling Phase
Assemble-Objects(oe );
end

Assemble-Objects

Input
oe-pattern og;

begin

Let r = root(oe)
foreach o, € children(r)
if type(oc) is not an a-type (S2)
Assemble-Objects(oc);
end
end

Tuple Assembling

if type(r) is a t-type of the form (71,72,...,7m),m > 2
foreach sequence S = (01,02,...,0,) (0 < n <m) in R such that, (S3)
for every o;,0; € S,
- {type(o;), type(oj)} C {71,72,...,™Tm} and
- type(o;) # type(o;)

do
R« R S;
f; « RU {(type(r), S, £(01)) }; (Sa)

end
List Assembling

if type(r) is a l-type of the form {70}

foreach sequence S = (01, 02,...,0,) (n > 0) in R such that, (Ss)
for every o € S, type(o) = 7o;
do
R <+ R— S,
R+ RU {(type(r), S, £(01)) }; (Se)

end

end
end

Figure 10: The bottom-up algorithm.
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string s in the page g. We call this step the Extraction Phase of the algorithm. At the end of the
Extraction Phase, a set R of triples corresponding to the extracted AVPs is obtained. These triples
are then used to compose new objects in the Assembling Phase of the algorithm.

The core of the Assembling Phase is the recursive procedure Assemble-Objects. It receives an
oe-pattern o, and operates on the global repository R (which, at the beginning of the Assembling
Phase contains only atomic objects). For each non-atomic component o, of o, (i.e., for each
0. ¢ leaves(o.)), a recursive call is made until the leaves of o, (i.e., its avp-patterns) are reached
(step S2). From there, the procedure Assemble-Objects operates bottom-up.

The innermost component for which a call to Assemble-Objects was made is either a t-type or
an l-type. If it is a t-type, sequences of objects in R that match the components of the t-type are
identified (step S3), removed from R, and reinserted as a tuple (step S4). If instead it is an l-type,
sequences of objects in R that match the members of this l-type are identified (step Ss), removed
from R, and reinserted as a list (step Sg).

The structure of the whole object being composed is implicitly stored in the recursion stack.
As we finish a recursive call, we move up in the structure of the object being composed. At the
upper level, the complex component to assemble next is again either a t-type (in which case steps
S3 and Sy are executed) or an l-type (in which case steps S5 and Sg are executed). The procedure
operates in depth first traversal mode.

When a tuple is being assembled (step S3), sequences must be composed of adjacent objects of
distinct types. As soon as a repeated type occurs, the assembling of the current tuple ends and the
assembling of a new tuple begins. The assembling of a tuple can also finish with the occurrence of
an object whose type is distinct from the types expected for that tuple. The objects in a sequence
can appear in any order. Further, some of the types expected for composing the tuple might be
missing. When a list is being composed (step S3), all objects in the sequence must be of the same
type. The assembling of the list stops when an object of a type distinct from the expected type is
found.

We now provide an example of how the bottom-up strategy works with objects that have a non-
flat structure. The assembling steps for this example are illustrated in Figure 11. In this figure,
circles represent objects extracted or being assembled. Consider the instances of type Author

whose structure is illustrated in Figure 2. Assembling such instances requires three assembling
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steps. In the first step, Book instances are assembled from AVPs of types Title and Price (obtained
in the extraction phase). In the second step, Book instances related to a same instance of Author
are collected together in a list (referred to as {Book}). In the third step, each one of those lists are
combined with an instance of Name (previously extracted), to assemble Author instances. Notice

that this order corresponds to a bottom-up traversal of the hierarchical structure of Book instances.

************

D D
Seps w””””””" Z :””’:::::”“ \”””’J Z : ””””” |
: 1 - : 8 g
O o O o
L b Iy b
Step 2 T | . A |
O Y Y P Y ‘ :
h
Step 1
O
L L Ll 5 Ik L Iy lo ho hi h

©O & &6 & O ©

Title Price Book {Book} Name Author

Figure 11: Execution of the bottom-up algorithm.

The lowest row of circles represents a set containing only AVPs. A label [; is associated with
each one of these AVPs. This label indicates the position in the source page of the string associated
with the AVP. Also, if j > i then I; > [; (i.e., the list is ordered by the position ; of the string in
the text).

Contiguous pairs of Title and Price values are combined to form Book instances. Each of these
instances is labeled with the smaller position value (also called lowest component). Notice that
the Book instance labeled lg is built with components that appear in inverted order (relative to
the order for previous objects). Also, the Book instance labeled l11 is missing its Price component.
The capability of dealing with such situations is an important feature of our bottom-up strategy.
The list of objects assembled after the completion of the first step is represented by the second
row in Figure 11.

As for the second step, runs of Book instances are grouped into lists of Book instances (indicated
as {Book}). The third step simply combines these Book lists with Name instances (in our example,

Iy is combined with Iy and lg is combined with lg), as illustrated on the top of Figure 11.
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On the Basic Assumptions of Our Bottom-up Algorithm

The Assembling Phase procedure is based on two fundamental assumptions. First, that AVPs can
be correctly identified and extracted from a text (page), i.e., each avp-pattern determines a set of
instances of an atomic type 7. Second, that the presence of any component of an instance indicates
the existence of such an instance. Therefore, if many of the AVPs correspond to incorrect strings
(false positives), the assembling phase may form spurious objects. Further, if some values are not
captured (false negatives), the assembling phase may create wrong complex objects containing,
for instance, atomic objects that belong to other objects.

The problem of detecting false positives and false negatives in Web data extraction is, indeed,
common to many approaches proposed on the literature. For instance, in [33] the author describes
a corroboration algorithm that uses simple domain-specific heuristics to verify the values extracted.
In [30] the authors propose the use of “negative examples” to make their extraction rules more
effective.

In DEByE, many of the problems caused by imperfect avp-patterns can be alleviated by the
features of the interface. That is, the user can provide new examples, change the estimated number
of occurrences of instances in the source page, and mark some attributes as being mandatory in
object instances. Obviously, there are cases for which this will not work at all. Further, it is
frequently possible to build counter-examples that can break any heuristic one can devise. This
is also the case of all the other approaches proposed on the literature. Thus, experimentation
is a must to verify the spectrum of application of any semistructured data extraction algorithm.
In the case of DEByE, we consider 15 distinct sources of Web data, including 3 of the more
complex data sources in the RISE repository [40]. Our experimental results demonstrate that
DEByE is an effective data extraction tool, which presents advantages (such as easiness of use,
quick prototyping, and coverage of a variety of data sources with variations in structure) when

compared to other approaches in the literature.

Top-Down versus Bottom-up

The top-down strategy recognizes objects in their entirety. Thus, recognition of partial objects
(i.e., objects that are missing a component) is not done. Further, objects that contain compo-

nents out of order are also not recognized. To recognize partial objects, the top-down strategy
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depends on a potentially large set of example object patterns. To illustrate, consider that the user
specifies as example an object with two levels and three atomic components labeled o,, 0y, and
o.. Retrieval of all possible partial matching objects would require seven distinct object patterns
(one pattern for the complete object, three patterns to indicate the absence of a single compo-
nent, and three patterns to indicate the absence of two components). For large example objects,
the number of cases might be exponential in the number of atomic components. This makes the
top-down extraction procedure very inefficient in time (because each new page has to be processed
independently for each example pattern) and far less useful in practice.

The bottom-up strategy is more flexible than the top-down strategy because it assembles
complex objects through a composition of simpler object components. Thus, this strategy is
specially suitable for cases where missing components or components out of order are expected [46].
Because of this characteristic, we implemented the extractor module of the DEByE tool using the

bottom-up strategy.

4 The DEByE Tool

As shown in Figure 5, the DEByE tool comprises two separate modules called Graphical User
Interface (GUI) and Extractor, which we now discuss in more detail.

The GUI module allows the user to specify the example objects. At the beginning, the user is
presented with the screen in Figure 12. The screen includes three separate windows: the Source
Window, the Table Window, and the Pattern Builder Window. The Source Window displays a
Web page from a given Web source. In this case, the page is from the Murder by the Book Web
site that we have been using throughout our discussion. The Table Window is used to assemble
example objects. The Pattern Builder Window is only used at the end of a session to build the
actual object extraction patterns.

To assemble an example, the user marks pieces of data from the page in the Source Window
and copies them into the columns of the Table Window. This is done separately for each piece of
text. The tool also provides a number of column operations such as insert, remove, rename, group,
and split (not shown in Figure 12). These operations allow the user to build a (nested) table that

embeds the structure of the example object.
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DEBYE -- Data Extraction By Example
Eisource Window::

Source Files List:[atividaded [=]

MURDER BY THE BOOK’s English Imports
PAPERBACKS:

Margery Allingham—Take Two at Bedtime—-$13.95

Jo Bannister—Sins of the Heart—$15.85

ETahle Window

Change Name —

] Pattern Builder Window

Build Extraction Patterns

Figure 12: Main screen provided by the DEByE GUI module.

In Figure 13, the user has advanced in his example specification task. Having observed that
Agatha Christie has written many books, he decided to compose the attributes Title and Price into
a nested table, called Book, which can be used to hold various books written by Agatha Christie.
This means that the example object being specified is now a two-level hierarchical object as
illustrated in Figure 2. Also, to be able to extract a larger fraction of the objects from this site,
the user needs to specify a second example reflecting objects with a different structure. In this
case, the second example corresponds to the data on the author Leslie Charteris, whose books
have a same price.

Once the user has specified his example objects, he activates the Pattern Builder Window to
build the corresponding object extraction patterns to be used by the Extractor module. The Fz-
tractor module receives oe-patterns from the GUI module and matches them against new incoming
Web pages. For this, it uses the bottom-up extraction strategy discussed in Section 3.

The DEByE extractor outputs the extracted data in an XML-based format that is used to
represent semantic constructs such as tuples, lists, and variants. The tags are properly nested,

with the atomic objects (AVPs) placed inside the innermost ones, following the structure of the
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DEByE -- Data Extraction By Example [=I[B]x]
FlSource Window

Source Files List: [Atividade4 [=]

Leslie Charteris-—(36.95 each) Szinr &idls Diamonds, Jaint Coes Wesr, Saint’s Cetaway, Jaint in Pursuit
P. F. Chisholm -- A fzmine of Aorses —— the debut of Elizabethan detective Sir Robert Carey, set in 1592 England--$11.95

Agatha Christie —- Ths Adventure of the (hristmas Pudding —- $5.95, The Hound of Death —- $8.95; Miss Marples Final
Cases —— $8.95; Pofrots Larfy Cases —- 18.95, Problerm 2t Poffensa Bay —— §8.95; The Mary Westmacoit Coffection (as Mary
Westmacott; includes: A Daughrers a Daughiter, The Burden, The Rose and the Yew Freeg)

P. C Doherty (see also Paul Harding)-- 7he Angel of Death--510.95; The Assassin in the Greenwood--113.95, Murder Wears 2

& || Fleoak-line 2

[FTable Window

Change Name -- New Table ‘ UnitPrice BookTitle
.95 saint Bids D... =
Name Back J 1 saint Goes
Agatha C Title P = Saint's Geta.
1 The Adve.. [5.95 F
1 =
Leslie Ch UnitPrice | BookTitle |
2 5.95 saint Bids D F
1 saint Gees I ud
1 »
FJExtraction Process Window ol
Build Extraction Example H Execute Extractian

Figure 13: Specification of two example objects presenting structural variations.

objects extracted. As an example, Figure 14 illustrates an excerpt from the output of the Extractor
module when it is fed with the examples specified in Figure 13 (the actual output was edited to
fit the page). We notice that each object encompasses its structure according to its corresponding

oe-pattern.

5 Experimental Results

In this section, we present the results of experiments we carried out using the DEByE tool. For
15 Web data sources, including 3 of the most complex data sources in the RISE repository [40],
we fed the DEByE Extractor with oe-patterns generated using the DEByE GUI. The goal is to
demonstrate the features of our bottom-up extraction strategy, as implemented in the DEByE
tool, and the effectiveness of the whole approach.

We analyzed various sample pages from each of the 15 sources used in our experiments and
manually identified and counted the implicit objects in each of them. These objects were then
used to verify the precision of our extraction procedure. Since the identification of implicit objects

is a laborious job, we could not always use in our experiments all the objects present in all of the
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<TUPLE type="Author">
<ATOM type="Name">
<VALUE ipos="1777" fpos="1793">Leslie Charteris</VALUE>
</ATOM>
<LIST type="Book">
<TUPLE type="Book">
<ATOM type="UnitPrice">
<VALUE ipos="1802" fpos="1806">6.95</VALUE>
</ATOM>
<LIST type="Title">
<ATOM type="Title">
<VALUE ipos="1815" fpos="1834">Saint Bids Diamonds</VALUE>
</ATOM>

<ATOM type="Title">
<VALUE ipos="1891" fpos="1907">Saint in Pursuit</VALUE>
</ATOM>
</LIST>
</TUPLE>
</LIST>
</TUPLE>

<TUPLE type="Author">
<ATOM type="Name">
<VALUE ipos="2058" fpos="2073">Agatha Christie</VALUE>
</ATOM>
<LIST type="Book">
<TUPLE type="Book">
<ATOM type="Title">
<VALUE ipos="2084" fpos="2122">The Adventure of the Christmas Pudding</VALUE>
</ATOM>
<ATOM type="Price">
<VALUE ipos="2131" fpos="2135">5.95</VALUE>
</ATOM>
</TUPLE>

<TUPLE type="Book">
<ATOM type="Title">
<VALUE ipos="2257" fpos="2280">Problem at Pollensa Bay</VALUE>
</ATOM>
<ATOM type="Price">
<VALUE ipos="2289" fpos="2293">8.95</VALUE>
</ATOM>
</TUPLE>
</LIST>
</TUPLE>

Figure 14: Excerpt of an output of the DEByE Extractor.
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sample pages (i.e., sometimes we used only a subset of all sample pages). Despite this limitation,

we managed to always use at least a few hundred objects in each case.

5.1 Experiments with Representative Web Sources

We first performed extraction experiments with 12 data rich Web sources — the focus of our
interest. From each of these sources, we collected a subset of pages which we used to test DEByE.
The majority of the sources are listed in the top positions in the list of the 100Hot Web site?® [1]
in their respective categories. The selected sites are the best ranked data rich Web sites in their
categories. In the immediate following, we briefly describe the main features of each Web data
source used. To describe the structure of the objects found in the Web sources, we use the notation

introduced in Section 3.1.

Placebo Without You I'm Nothing $16.97  $11.88

Portishead Pnyc $16.97 $1188

Louis Prima Collectors Series $11.97  $a38

Queen Greatest Hits T & T1 $2097  $2098

R.EM. Up $1697  $1188

(a) CDNow
Date Job Title Cormpary

Jun 7 U5 =T -Austin Software Developer - Weh ESG Consulfing
Jun 7 U -CA-San Ramon Web Interface Endinest — 99 Stock 1115 Met Corporation
dun 7 US-FL-F Landerdale GREAT WC++/AMTERMET OF P ORTUMITY I taxim Group
Jun 7 U5 ~Ih - Indiznapolis Systern Endineer ‘Wang Global
Jun 7 US —Mew Jersey Systemns Analyst 11 A-R-C (alfermative Resources)
Jun & US-CA—S5an Jose Senior Metwork Enginesr Infonent, inc.
Jun & U5 == hilwankee Systern Enineer ‘Wang Global
Jun & U5 -liruis Web Developer Il Spstems
Jun & US-IL-Chicagn Systemn Endineer Weng Global
dun & U5 -C4-San Francisco Wb Developer For Large Financial Site Il Sstems

(b) Monster

Figure 15: Excerpts of pages from CD Now and Monster Web Sites.

CDNow. We collected the “30% discount” pages of the site. In these pages, the structure of the
CD entries are very regular with no components missing (see Figure 15(a)). We modeled the CD

entries in these pages as instances of the type CD=(ArtistName, Title,Price,Discount). All 219 CD

2This Web site maintains a list of the most popular Web sites in many categories such as shopping, jobs,
entertainment, etc. Whenever we refer to the popularity of a Web site in the 100Hot ranking, we are considering

its position by the time the experiments were carried out.
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The Internet for Dummies Title 1995 Human~— Computer Interaction Laboratory Video

In-Stock: Ships within 24 hours. Reports

Johin R, Levire, Margaret Levine oung,Carol Baroud) / Faperback iDate Published: February 19595 Author(s) Catherine Plaisant (Edited by)
Retail Price: $19.99 Our Price: $15.99, ¥You Save $4.00 (20%) Document ID  nestrlumep/CS-TR-3532

»EBuy this bock or read more about it Institution. University of Maryland, College Park

The Internet: The Rough Guide = dbsroct of Snchronous [ The
Example Esterel

In-g8tock: Ships 2-3 days.
f Aut Manfred Broy
Angus ). Kernedy, Rough Guides (Editor) f Paperback rDate Published: Nowvember 1958 Duc’:;n'fesrgt D xﬁgﬁr:ljg{;mh es/TUM-19706

Retail Price: $8.95 Cur Price: $7.16, You Save $1.79 (20%)

i oihde Taale G Reerl s eheme. A Institution Technical University of Munich
X Title Adaptive Scheduling with Client Resources to

The Internet for Dummies: Ouick Reference Improve WIWW Sarver Scalability
In-Stock: Ships within 24 hours. Author(s) Daniel Andresen and Tao Yang
John Fi. Levine, Margaret Levine Voung,Amold Feinhold / Paperback / Date Published: January 1999 DUCfﬂ"«lf"l b nCS.U’I-U(ESb_CSfTRC59§—27
Retail Price: $12.99 Our Price: $10.39, ¥You Save $2.60 (20%) Institution University of California, Santa Barbara. Computer
FEBuy this book or read more about it Science.

(a) Barnes & Noble (b) NCSTRL

Sam Lord’s Castle - Barhados $333- (5 nts) Stay at this legendary landmark castle
on one of the world¥s most beautiful beaches! Dive into 3 pools, soak in the
whirlpool, play tennis on lighted courts, sail, snorkel, waterski, and work out in the
fitness room. &ll on 72 landscaped acres.

d-Might Southern Caribbean Cruise  $343- Mow you can explore the faraway
islands of the Southern Caribbean on a three-night cruise —-- and save a minimum
of $140 off the brochure rate! Shoard the A Sneress, you will departt San Juan
ahd visit 5t. Thomas and St. Maarten.

Wyndham Aruba Beach Resort & Casing  $366- (5 nts.) Couples, singles and
families alike will love this resort located on &ruba’s most exclusive beach. Enjoy
swimming, water sports, tennis and nearby championship galf. And the Kids Klub is
fun for all ages.

(c) Travelocity

Figure 16: Excerpts of pages from Barnes & Noble, NCSTRL, and Travelocity Web Sites.

entries in the source pages were recognized as instances of the CD type and extracted with just
one example provided. CDNow [16] is the 5th most popular site under the category music in the

100Hot ranking and is the best ranked CD store in this list.

Monster. Monster.com [38] is, according to the 100Hot ranking, the most popular site in the
category job. We did a keyword search using “WWW?” as an argument and used the first 500 job
offer entries returned in our experiments. We modeled the entries in these pages as instances of the
object type Job=(Date,Location, Title,Company). With just one example provided, we were able to
retrieve all 500 entries as instances of this type. An excerpt of one of these pages is presented in

Figure 15(b).

Barnes & Noble. For this electronic bookstore, the second most popular site in the book category
of 100Hot, we collected the set of pages returned by using the keyword “Internet”. We used
the first 200 entries returned in our experiments. An excerpt of one of these pages is shown in

Figure 16(a). We modeled the book entries as objects of the type Book=(Title,Authors,Price). The
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Internet Publishing Kit
Hardeover / Published 1995
Our Price: $149.95 (Special Order)

Internet Publishing with Microsoft Word 7.0; With CDROM
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Connie Dunn / Paperback / Published 1998

Our Price: $29.95 (Not Yet Published)

Read more about this title...

Internet Quick Reference Guide
Glenn Davis / Paperback / Published 1997
Our Price: $9.60 ~ You Save: $2.40 (20%) (Back Ordered)
Read more about this title...

(¢) Amazon

Figure 17: Excerpts of pages from CIA Factbook, Price Watch, and Amazon Web sites.

entries present some variations in their structure (there are missing components in some of them),
which required us to provide two separate examples. As a result, we were able to retrieve all the

200 book entries as instances of Book.

NCSTRL. The NCSTRL (Networked Computer Science Technical Reference Library) [44] is a
very popular repository of computer science technical reports from many institutions all over the
world. We issued a query using “WWW?” as a keyword and retrieved a page with 177 entries.
Some entries are shown in the excerpt of the page presented in Figure 16(b). The entries of these
pages were modeled as instances of the object type Report=(Title,AuthorName,Institution). One
single example was provided. Despite the poor HTML formatting exhibited by the page, we were

able to recognize all 177 entries as instances of Report.
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Travelocity. We collected the page on vacation packages from the Travelocity Web site [50], ranked
as the most popular site in the travel category of 100Hot. The page on vacations packages contained
162 entries. We modeled the objects as instances of the type Package=(Place,NoOfNigths,Price).
One single example was provided. We intentionally ignored a free text description of each vacation
package, present in each entry. For some of the entries, the information on the number of nights
was missing. With this single example provided, all 162 entries were recognized as instances of

Package and extracted. Figure 16(c) shows an excerpt of the Travelocity page.

CIA Factbook. This Web site [17] provides a detailed profile of 266 political entities, most of them
countries. Every political entity has a profile, in the form of an HTML page, including informa-
tion on geography, people, economy, government, etc., organized in the form of labeled fields. Fig-
ure 17(a) shows an excerpt of the page corresponding to the profile of Brazil. As there are hundreds
of fields in each profile, we chose just a few of them which were modeled as instances of the object
type Country=(Name,Location,Coordinates,Area:(Total,Land,Water),Population,NationalCapital). We
considered the first 50 profiles (in the order they appear in the main site’s page) in our experiments.
With one single example given, we obtained 36 complete instances (72%), 13 incomplete instances
(26%) (with one attribute missing in comparison with the profile), and 1 incorrect instance (2%)
(which included an incorrect attribute instance). We then provided one additional example and
obtained as a result 43 complete instances (86%), 6 incomplete instances (12%), and 1 remaining
incorrect instance (2%). With two more examples (thus using a total of 4 examples), we got 49
complete instances (98%), but the incorrect instance remained. This instance corresponds to the
profile of Antarctica, which has some features quite distinct from those found in the profile of the

other countries.

Price Watch. The Price Watch Web site [51] provides information on prices of computers and com-
puter parts from several vendors. It occupies the 11th place in the category hardware of 100Hot, but
it is the best ranked site that is not a Web site of a specific vendor. We collected a set of pages on
Pentium IT 266 Mhz notebooks. The resulting pages are formatted as HTML tables with one row
for each item. Figure 17(b) shows an excerpt of one of these pages. There were a total of 113 items.
Instances of the type Item=(Brand,Model,Description,Price,Date, Dealer=(Name,Phone),State,PartNo)

were provided as examples of the objects found in this site. With one example, we retrieved 57
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Figure 18: Excerpts of pages from CNN World Whether Web site and VLDB at DB&LP.

complete items (50%) and 56 incomplete items (50%) (with one or two attributes missing in com-
parison with the item in the page). With two examples, we retrieved 90 complete items (80%)
and 23 incomplete items (20%) (with just one attribute missing in comparison with the item in

the page).

Amazon. For this electronic bookstore, the most popular site [5] in the book category according to
100Hot, we collected the pages satisfying the title search whose argument is the word “Internet”.
An excerpt of one of these pages is presented in Figure 17(c). As a rule, book entries present
in the returned pages were very poorly formatted, what is particularly true for the information
on authors. Interestingly, the first pages resulting from this query present book entries with
very regular structure, but the entries in the last pages are increasingly less regular and poorly
formatted. This is an unexpected finding, since the pages are supposed to be ordered by the title of
the books present in it. The query returned a total of 4421 book entries in 89 pages. We analyzed
5 book entries in each page, to take into account the degradation in the structure of the entries.
Thus a total of 445 entries were analyzed (our sample would be far more regular in structure
if we had used the 445 best ranked entries). The examples were provided as instances of the
object type Book=(Title,Authors,Price) (as in the Barnes & Noble experiment). With one single
example taken from the first page, 205 instances (46%) were completely retrieved and 240 (54%)
were retrieved with missing attributes. Using an additional example, we obtained 289 complete

instances (65%) and 156 incomplete (35%) instances. Increasing the number of examples to 3, 4,
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(a) Author page at DB&LP

Agatha Christie — The Adventure of the Christmas Pudding — $5.95;, The Hound of
Death — $8.95; Miss Marple’s Final Cases — $8.95; Poirot’s Early Cases —— $8.99;
Problem at Pollensa Bay — $8.95; The Mary Westmacott Collection (as Mary
Westmacott; includes: A Daughter’s @ Daughter; The Burden, The Rose and the Yew
Tree)

Dorothy Dunnett——Niccolo Rising—$15.95; Race of Scorpions—$15.95; Scales of
Gold—$15.95; The Spring of the Ram——$15.95

Missing Person (1993)—-$11.93; No Fixed Abode (1994)—-$11.95; Identity Unknown
(1995} $13.95

Dick Francis—The Sport of Queens (autobiography)——3$10.95

Figure 19: Excerpts

the Book Web Site.

(b) Murder by The Book

of pages from (a) an Author Page at DB&LP and (b) a page from Murder by

and 5, the fraction of instances retrieved in their entirety also increased to 74%, 93%, and 96%,

respectively.

CNN World Forecast.

We collected weather forecast pages from the CNN Web site [18], one of the

three most popular sites in the 100Hot news category, relative to 100 cities (i.e., we obtained 100 ob-

ject instances). Figure 18(a) shows an excerpt of a city’s page. We modeled the objects as instances

of the object type Forecast=(City,{ WeekDay=(Day, Temp=(High=(HC,HF)),Low=(LC,LF))}) wich

reflects our interest

in the maximum and minimum temperatures (in Celsius and Farenheit) for

each day of a given week. With just one example, we were able to recognize and correctly extract

the 100 instances of

this type.
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VLDB Pages at DB&LP. We collected from the DB&LP Web site the pages with the contents of
the VLDB proceedings from 1975 to 1983. There was one page per proceedings, except for the pro-
ceedings of the 1978’s conference that had two pages. Examining just the page corresponding to the
1975 proceedings, illustrated in Figure 18(b), we specified a single example with the following type:
Proceedings=(Year,Place,{Section=(SecTitle,{ Article=(ArtTitle, { AuthorName},Pages)})}). The ex-
ample for this object type includes one instance of Proceedings, two instances of Section, and
three instances of Article. We then used this single example to retrieve object instances from all
the 9 source pages and obtained the following results. From 461 instances of Article manually
identified, 424 (92%) were retrieved with all their attributes and 37 (8%) were retrieved with
one or two attributes missing (values of AuthorName were totally retrieved). From 144 instances
of Section manually identified, 134 (93%) were retrieved with all components and 10 (7%) were
retrieved with missing components. Note that this takes into account the components missing in
instances of Article that compose a Section instance. From the 10 instances of Proceedings, 4 were
completely retrieved and 6 were retrieved with missing components. Examining these results, we
notice that most of the problems were found in objects related to the page of the 1976 proceedings
and to the second page of the 1978 proceedings. This occurred because the 1976 proceedings were
not organized in sections, thus having a structure very distinct from the example given, and be-
cause the second page of 1978 proceedings, although having the same structure, had very different

formatting features for the article entries.

Author Page at DB&LP. For this experiment, we took Professor Jeffrey Ullman’s page at DB&LP.
An excerpt of this page is present in Figure 19(a). To capture the variations in the implicit struc-
ture of the objects in this page, we used two type definitions. The first is a type defined as
Article=(Title,{ AuthorName},Pages,Journal,Number), while the second is a variation of this type
defined as Article=(Title,{ AuthorName},Pages,Proceedings). We provided 5 examples of article
entries, using these two types. As a result, we were able to correctly extract 554 instances of Au-
thorNames (100%) and 196 complete instances of Article (98%). The remaining 3 Article instances

(less than 2%) were retrieved with a single missing attribute.

Murder by the Book. Murder by The Book [39] is a bookstore specialized in mystery books. Its

pages are very poorly formatted (for instance, the data on book prices is formatted in many dif-
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ferent ways). For that reason, we chose this site as a particular case of interest. As in the previous
experiment, for this site there was the need of modeling variations for the type Author. For this, we
provided example objects that were either instances of the type Author=(Name,{Book=(Title,Price)}),
or instances of the type Author=(Name,{Book=(UnitPrice,{BookTitle})}). We then extracted ob-
ject instances from a page (the “English Imports” page) containing 147 books entries grouped into
49 author entries. With respect to Book instances, we extracted 129 of them completely (89%)
and 16 (11%) with missing attributes (Price), when 5 examples were provided. Regarding the
49 Author instances, we extracted 40 of them (82%) completely and 9 (18%) with some missing

component, when 2 examples were provided.

Analysis of our Results

Table 1 summarizes our results. The percentage figures for the number of objects retrieved are
relative to the total number of objects identified manually in the sources pages. The number of
examples used in the extraction is determined by trial and error. When the number of examples
is insufficient, the results of the extraction process include many objects with missing attribute
values. It is then necessary to provide more examples to obtain more complete (and precise)
results. The number of examples is increased until the quality of the results improves. In Table 1,
we only show the points at which the results were improved considerably. For instance, for the
Murder by the Book site, we only show results when 2 and 5 examples are provided. As we can
see, the DEByE Extractor was able to recognize and retrieve most objects in the given pages.

In Table 2 we present the time (in seconds) spent generating oe-patterns, extracting AVPs
(i-e., atomic values), and assembling complex objects using the extracted AVPs. These times refer
to the extraction carried out using the number of examples shown in Table 1. The column Size
refers to the size of the sample Web page used to generate the avp-patterns and the column Total
Size refers to the total size (in bytes) of the pages from where the complex objects were extracted.
The column Total Time indicates the total time spent in each case. As we can observe, the whole
extraction procedure can be completed in a matter of seconds, even for complex sites.

Although we have limited our experiments to a few hundred objects of each type, it is worth
noting that almost all of the Web sites considered contain a large amount of pages which have

the same overall structure and formatting features. Thus, many more objects could have been
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Objects Retrieved
Web Source Object Type | Total | Examples Complete Incomplete
CDNow CD 219 1 219 (100%) -
Monster Job 500 1 500 (100%) -
Barnes & Noble Book 200 2 200 (100%) -
NCSTRL Report 177 1 177 (100%) -
Travelocity Package 162 1 162 (100%) -
CIA Factbook Country 50 1 36 (72%) 13 (26%)
2 43 (86%) 6 (12%)
4 49 (98%) -
Price Watch Item 113 1 57 (50%) 56 (50%)
2 90 (80%) 23 (20%)
Amazon Book 445 1 205 (46%) | 240 (54%)
2 289 (65%) | 156 (35%)
3 327 (74%) | 118 (26%)
4 417 (93%) 28 (%)
5 429 (96%) 16 (4%)
CNN City 100 1 100 (100%) -
Weekday 400 1 400 (100%) -
VLDB Pages at DB&LP | Proceedings 10 1 4 (40%) 6 (60%)
Section 144 2 134 (93%) 10 (7%)
Article 461 3 424 (92%) 37 (8%)
Author Page at DB&LP | Article 196 5 199 (98%) -
Author 554 12 554 (100%) -
Murder by the Book Author 49 2 40 (82%) 9 (18%)
Book 147 5 130 (89%) 16 (11%)

Table 1: Number of objects retrieved by the DEByE FExtractor for various Web sources.

retrieved from these sites. For instance, for the Amazon pages, we recall that the number of objects
actually extracted (4421) was equal to the total number of book entries retrieved by the query,
although we have analyzed only 445 book entries.

As a final observation, the fact that our extraction strategy was very effective with data avail-
able in popular Web sites (such as the ones we used in our experiments) confirms our hypothesis
on how data is usually made available on the Web. In fact, the pages of many very popular and
interesting Web sources present an inherent implicit structure that can be recognized and mod-
eled accurately. Furthermore, data contained in these pages are usually surrounded by contextual

information which allows their effective recognition and extraction.

5.2 Experiments with Sources from the RISE Repository

RISE (Repository of Online Information Sources Used in Information Extraction Tasks) [40] is a
repository of online information sources that were used for data extraction experimentation by
various authors, most of them from the machine learning community. Among these, we distinguish

the research on the WIEN [32], Stalker [42] and SoftMealy [29] systems. Our purpose here is to
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oe-pattern Generation Object Extraction
Web Source Time (sec.) Total Time (sec.)
Time (sec.) Size AVP Extraction | Assembling | Total Size
CDNow 0.223192 31654 0.395016 0.095113 301892 0.713321
Monster 0.683688 39521 0.397513 0.233642 363686 1.314843
Barnes & Noble 0.526398 51565 2.782157 0.100536 1342861 3.409001
NCSTRL 3.200000 | 160531 0.221553 0.094289 160531 3.515842
Travelocity 0.311210 76067 0.345100 0.048700 76067 0.705010
CIA Factbook 3.004563 42045 0.364568 0.051170 4288460 3.420301
Price Watch 1.520407 17460 0.325296 0.149700 151488 1.995403
Amazon 1.917623 33551 7.242873 1.497996 2613915 10.658492
CNN 0.523155 32127 0.165441 0.107794 727400 0,796390
VLDB Pages at DB&LP 0.942920 18173 0.702879 0.573590 532403 2.219389
Authors Page at DB&LP 3.601458 73814 0.220965 0.229656 73814 4.052079
Murder by The Book 0.338172 10853 0.041062 0.058324 10853 0.437558

Table 2: Time spent generating oe-Patterns, extracting AVPs, and assembling complex objects in
the extraction experiments.

provide a preliminary comparison of DEByE with these three other systems, using data sources
from the RISE repository.

In Table 3 we present experimental results obtained by running DEByE on three of the most
complex data sources in RISE: Okra, BigBook, and IAF. For comparison, we also present published
results obtained for these three sources by the WIEN, the Stalker and the SoftMealy systems. We
first observe that, contrary to the other systems, WIEN takes whole pages as examples. Thus,
when considering the number of examples used by the WIEN system, we take the number of pages
given as examples and multiply them by the average number of objects in each page. This is what
is shown in Table 3. We further observe that these three sources include only pages containing flat
(i.e., a single level) objects, contrary to most sources we use in Section 5.1. As a result, DEByE was
as effective as any of the other three systems for these three data sources, while frequently using a
smaller number of examples and always requiring less effort on the user part for the specification of
the examples. Further, DEByE is conceptually simpler than the other three systems and requires

a less complex implementation. Because of that, it tends to be faster on conventional Web data

sources.
DEByYE WIEN Stalker SoftMealy
Web Source | Ex. | Retrieved | Ex. | Retrieved | Ex. Retrieved Ex. | Retrieved
OKRA 2 100% 46 100% 1 97% 1 100%
BigBook 1 99% | 274 100% 8 97% 6 100%
IAF 3 99% - - 10 | 85% — 100% 1 99%

Table 3: Results of experiments with the DEByE FEztractor for RISE Web sources.

While the results in Table 3 shed some light on the relative performance of DEByE, they do not

allow a full and direct comparison between DEByE and the three other systems. There are several
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reasons. First, WIEN, Stalker and SoftMealy are all based on machine learning techniques, while
DEByE is based on the identification of context through passage analysis (a well known information
retrieval technique). Second, the experimental protocol used by the three other systems was much
more exhaustive than ours. While in WIEN, Stalker and SoftMealy the examples where randomly
chosen in several trials (30 for WIEN, 500 for Stalker and 300 for SoftMealy), in DEByE the users
choose the examples at their will. In fact, a key point in the DEByE approach is to extract objects
according to the users’ preferences. The fact that most often the users are able to specify a useful
example in the first trial indicates the validity of the DEByE approach. Third, the goals of the
experimentation performed were distinct in the case of each system. In the WIEN experiments,
the goal was to obtain 100% accuracy in the extraction. Thus, the number of examples was
increased until this accuracy level was reached. In Stalker, the authors stopped the experiments
after reaching 97% of accuracy or after 10 examples were given. SoftMealy, as DEByE, reached
almost perfect accuracy with few examples, so that no limits needed to be imposed on the accuracy
and in the number of examples given. However, in the experiments with SoftMealy, the authors
used three alternative extraction strategies, while in DEByE the same algorithm was used for
the three sources. This is an important point. In DEByE, there is no knowledge base or set of
heuristics to guide the extraction procedure. All the adaptations in the extraction strategy are
automatically generated by the same extraction algorithm, using solely the evidences presented
in the user specified examples. Fourth, in DEByE we used only the sets of pages available from
RISE (which were also used in the experiments with WIEN and Stalker) while in the experiments
with SoftMealy the authors used an extended set with many more pages for each source.

Examining Table 3, we observe that the number of examples required by DEByE for each
source does not vary much, as it occurs with the other systems. This may be explained by the fact
that, in DEByE, we only generate patterns for extracting single atomic values that are assembled
afterwards, according to the structure of the examples provided. As discussed in Section 3.3,
the assembling of objects in DEByE does not rely on the ordering of the component objects.
As a result, there is no need of generating alternative patterns for capturing distinct ordering of
components.

These preliminary results with the RISE repository suggest that DEByE is as effective as the

known alternatives based on wrapper induction.
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6 Comparison with Related Work

Recent efforts in modeling and extracting semistructured data from Web sources are discussed
in [11, 24, 41]. These efforts involve data models, wrapper induction, NLP techniques and ontology-
based extraction approaches, as we now briefly review.

Several data models have been proposed to represent semistructured data [12, 13, 45]. These
models are, in general, based on labeled directed graphs and aim at capturing the irregular struc-
ture inherent to such data. OEM (Object Exchange Model) is an object-based model adopted by
the TSIMMIS project [45]. An OEM object can be of type either atomic or complex. The value of
an OEM object of type complex is a set of object references to its components and these references
can be cyclic. The data model proposed in [12] for the UnQL query language is quite similar to
OEM. The difference is that the UnQL data model lacks the notion of an object, describing data
by a means of a set of trees whose leaf nodes have the actual instances associated with them.
The model presented in [13] also represents data as a directed labeled graph in which each node
corresponds to an object. However, the edges emanating from any node (that describes data)
are labeled distinctly. In our work, we adopt a simple data model in which complex objects are
represented as nested tables. Our model is based on the ideas described in [3, 35] and can be seen
as an extension of the relational model.

Wrappers constitute the most common approach to extracting data from Web sources [6, 7, 26,
28]. Originally, wrappers were manually written using some specific language [7, 27]. Although
such languages provide an effective approach for wrapper generation, they have some drawbacks.
First, they require a previous knowledge of the structure of the pages in the Web source. Second,
they are sensitive to changes on the structure of the Web pages. Due to such limitations, efforts
have been made to automate the wrapper generation process [6, 28, 43]. In particular, approaches
based on examples (such as DEByE) have proved to be very efficient for the task of wrapper
generation. This is because they do not require any previous knowledge of the target Web pages.
Additionally, structural changes in those pages can be accommodated by simply providing new
examples.

Many works in the literature propose the use of machine learning techniques to induce wrappers

automatically or semi-automatically [19, 30, 33, 43]. In general, these approaches consist of using
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training examples to generate automata that recognize instances in contexts similar to the ones of
the given examples. The ShopBot comparison-shopping agent [19] generates wrappers to extract
data from on-line stores and also to compare them. Its strong assumptions on the type of the pages
and on the type of data appearing in these pages allow it to generate wrappers automatically, but
compromise the generalization of its approach. The approach proposed in [33] and adopted in the
WIEN system relies, like ours, on examples from the source to be wrapped. The main drawbacks
of this pioneer work are: (1) it does not deal with missing or out of order components of the objects
and (2) although it identifies the need for the extraction of complex objects present in a nested
structured, the solution provided is computationally intractable and has not been implemented
in the WIEN system. These two very important problems are addressed in SoftMealy [30] and
Stalker [43]. Both systems also generate wrappers generalizing given examples through machine
learning techniques and are very effective in wrapping several types of Web pages. The main
problem with SoftMealy is that the absence of a component or out of order components must
be represented beforehand by an example in order to allow proper recognition and extraction.
Stalker [43] can deal with such variations in a much more flexible way, since each object component
is extracted independently (as in our bottom-up algorithm).

A common feature to all the approaches above is that the extraction process relies on an
implicit knowledge or on a separate description of the structure of the source document (e.g., Web
page). In WIEN, pages are assumed to conform to one out of six pre-defined kinds of structure (for
instance, they should have a head, then a body with a set of tuples, and then a tail) that must be
flat. This might generate extraction difficulties when dealing with tipical variations found in Web
pages. SoftMealy allows for the occurrence of structural variations, but the limitation regarding
flat objects remains. In Stalker, the extraction of nested objects is possible but the approach relies
on a separate description of the strucuture source page. In DEByE, there is no need of specifying
(or having knowledge of) the structure of the source page. Indeed, the examples provided by the
users describe a structure for the objects to be extracted. This adds flexibility to the extraction
process. The user focusses on the target structure of his interest and does not have to concern
himself with the structure implicit in the Web source page. This is an important advantage of the
DEByE approach.

Besides wrapper induction, there are other approaches for learning extraction patterns that are
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more suitable for “less” structured data sources such as newspaper classifieds, seminar announce-
ments, and job postings. These data sources present grammatical elements that are common to
telegraphic style of writing. In general, these data extraction approaches use techniques typi-
cal of Natural Language Processing (i.e., semantic class, part-of-speech tagging, etc.), sometimes
combined with the recognition of syntactical elements (e.g., delimiters). This is the case of the
Rapier [14] and the SRV [25] systems. The WHISK system [49] goes beyond and addresses a large
spectrum of types of documents ranging from rigidly formatted ones to free text. For formatted
text, this system has a behavior that is closer to wrapper induction systems like WIEN [33].

An ontology-based approach to extracting data from Web sources is presented in [21, 22, 23].
The approach uses a semantic data model to provide an ontology that describes the data of interest
including relationships, lexical appearances, and context keywords. By parsing this ontology, a
relational database schema and a constant/keyword recognizer are automatically generated, which
are then used to extract the data that will populate the database. Prior to the application of the
ontology, the approach requires the application of an automatic procedure to extract chunks of
text containing data “items” (or records) of interest [20, 21]. To work properly, the approach
requires a careful construction of an ontology, a task that must be done manually by an expert
in the domain of the ontology. On the positive side, if the ontology is representative enough, the
extraction is fully automated. Furthermore, wrappers generated according to such an approach
are inherently resilient (i.e., they continue to work properly even if the formatting features of the
source pages change) and adaptable (i.e., they will work for pages from many distinct sources
belonging to a same application domain). Indeed, these features are unique of this approach.

Although this approach also requires the user to provide a conceptual description of the data
to be extracted, it is radically distinct from ours with respect to the extraction strategy adopted.
While we rely on the textual context surrounding the data of interest, the ontology-based approach
relies mainly on the expected contents of the pages, according to what was anticipated by the pre-
specified ontology. As a consequence, while our approach fails with Web sources where data
presents little context information in their surroundings, the ontology-based approach fails when
faced with domains where ontologies are hard to be created. This is the case of on-line bookstores,
CD stores and bibliographical reference sites. Also, while the ontology-based approach requires a

specialist to build the ontology using a notation specially designed [21, 23], the DEByE approach
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provides a visual metaphor that is more suitable for the casual Web user.

NoDoSE [4] is another tool that, like ours, adopts an user-driven approach for data extraction.
This tool provides a graphical interface which the user uses to decompose a given document (e.g.,
a Web page) into a hierarchy that describes its structure. Additional documents of the same type
are then provided to the tool and automatically parsed. If tuning is required (which frequently
is the case), the user must inspect the results (using the interface), modify the hierarchy that
describes the document, and use it to parse the pages again. The process is completed when
all of the documents have been successfully parsed. NoDoSE requires the user to specify all
the structure of the whole document (i.e., the set of pages provided as input) in a top-down
fashion which, in some cases, might be hard to do. Despite these drawbacks, the approach is
effective for a large class of textual documents once the parsing is concluded successfully. The
most noticeable distinction between NoDoSE and DEByE is the way examples are provided by the
user to generate the extraction patterns. While in NoDoSE the user must decompose the whole
document by marking regions in the entire document body, in DEByE the user marks only atomic
values which he organizes according to his perception of the implicit structure of the objects to
extract. Besides, in DEByE the assembling of objects is supported by a quite intuitive and simple
metaphor, namely the nested tables. As a result, the user is completely shielded from the specific
formatting features of the source page he is dealing with.

Another interesting approach for user-driven Web data extraction is the XWRAP [36] system.
In this tool, the user is presented with a syntax tree that describes the HTML structure of the
page he is interested in. The nodes of this tree correspond to HTML tags (e.g., <TABLE>, <TR>,
etc.). By browsing this tree, the user selects the portions of the page he is interested in. For
each of these portions, the tool applies a special set of pre-defined extraction rules. For instance,
there are rules for tables, lists, etc. The extracted data is outputted in XML, but the tags used
in the final document are also derived from the source page, under the assumption that the page
contains text that can be used as meta-data. The major drawback is the explicit use of the HTML
syntax and structure. This is a remarkable distinction from DEByE, in which the page formatting
features are completely transparent to the user.

The work described in [10], as ours, also uses information on the local context of a value

to identify new values in new Web pages. However, it is entirely focused on the recognition of
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instances of a pair of attributes only. Thus, there is no notion of complex objects, of specification

of the structure, and of a more general extraction strategy.

7 Conclusions

In this work, we described an example-based approach to automatically extracting semistructured
data, which we call DEByE. The novelty of our work lies on two facts. First, that the user
specifies examples according to a structure of his liking (instead of being bounded to the structural
information implicitly encoded for the source page). This is important because, for instance, the
user might be interested in only a subset of the information encoded in the page and, as result,
might be unwilling to specify the structure of the whole page. Second, that a new, simpler, and
faster bottom-up extraction procedure, built using techniques from information retrieval, can take
advantage of the user provided examples to recognize and extract new data with great efficacy.

We argued that convenience in the specification of the examples can be achieved through a
user interface that adopts nested tables as its fundamental paradigm. Nested tables are simple,
intuitive, and can be used effectively by various users with distinct Web sources. We also argued
that the bottom-up extraction procedure is quite effective, because it is able to recognize new
data even when such data is incomplete or appears out of order. Through experimentation with
our extraction tool, we verified our assumptions and confirmed our arguments. Using 15 distinct
types of Web sources, including three data sources from the RISE repository, we demonstrated
that a few examples are enough to allow the recognition and extraction of almost the totality of
the objects present in the Web sources we considered.

Our approach is also quite distinct with regard to the role the user plays in the whole extraction
process. In DEByE, we allow the user to declare his perception of the structure of the objects in the
pages of interest. That is, instead of trying to derive structural information from the formatting
of the text, we let the user inform the structure as he perceives it. We believe that this approach
presents advantages when compared with alternative methods that require the user to declare the

structure of the whole page, as it was conceived.
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