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Abstract

In this paper, we describe an innovative approach to extract-
ing semi-structured data from Web sources. The idea is to
collect a couple of example objects from the user and to use
this information to extract new objects from new pages or
texts. To perform the extraction of new objects, we introduce
a bottom-up extraction strategy and, through erperimenta-
tion, demonstrate that it works quite effectively with distinct
Web sources, even if only a few examples are provided by the
user.

1 Introduction

As the data on the Web grows at explosive rates, a tremen-
dous research effort has been initiated to make such data
available, usually in some structured form such as a table,
for querying and further manipulation. The main motiva-
tion is that structured data allow asking queries which can-
not be asked with data in text form. For instance, for a
hotel information site, a typical example of such a query is:
retrieve all hotels in downtown New York with daily rates
smaller than US$ 120.00.

In this work, we describe an innovative example-based
approach to extract data from a set of Web pages for pop-
ulating a database. In this approach, we assume that the
Web pages present some inherent structure which can be
readily recognized. Since this structure appears implicitly
on the pages and might vary from one page to another, we
say that the data is semi-structured [9].

To extract the data, we need some description of what to
extract. A common approach to providing such description
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is to build a specific grammar which details the surroundings
of each piece of data to extract. In this work, however, we
consider a new approach in which the description of what
to extract is fully based on a small set of examples provided
by the user. We demonstrate that just a couple of examples
are sufficient for extracting hundreds of objects from new
Web pages. Our approach is remarkably distinct from pre-
vious works because it relies on the user’s perception of the
structure of the objects. That is, instead of trying to derive
structural (semantic) information from the text format (syn-
tax), we induce the user to inform the structure as she/he
perceives it. Furthermore, our approach is not tied to any
specific formatting system (e.g. HTML, XML, LaTex, etc.).
Instead, it takes advantage of any markups surrounding the
data of interest.

To perform the extraction of data, we introduce a bottom-
up strategy that, given a set of Web pages as input, rec-
ognizes objects matching the given examples and extracts
them. This strategy, as we demonstrate by experimenta-
tion, works very well when dealing with complex objects
which present a non-flat structure, even if the structure of
the objects presents variations in comparison to the struc-
tures of the objects given as examples. Our results show that
this bottom-up example-based extraction strategy is highly
effective with various types of Web sources.

The paper is organized as follows. In Section 2, we dis-
cuss related work. In Section 3, we describe the data ex-
traction by example approach. In Section 4, we introduce
the notion of Object Extraction Patterns, which is a central
concept in our approach. Section 5 presents our example-
based bottom-up extraction strategy. Section 6 discusses
our experimental results. Finally, Section 7 presents our
conclusions.

2 Related Work

A number of different approaches has been proposed to ex-
tracting data from Web sources [5, 6, 7, 14, 16, 18, 21], as we
now discuss. The most common of such approaches involves
the use of wrappers [6, 7, 15, 16]. A wrapper parses pages
from specific Web sources based on some kind of grammar
and maps these data into a pre-specified format. Originally,
wrappers were manually written for a specific source [7, 11]
but, due to the obvious limitations of this approach, efforts
have been made to automatize the wrapper generation pro-
cess [6, 15, 16]. Although wrappers provide an effective ap-
proach to data extraction from Web sources, they have two



major drawbacks. Firstly, they require a previous knowl-
edge of the structure of the data source. Secondly, they are
very rigid and additional work might be required to adapt
the wrapper when the source changes.

An alternative approach to extracting data from Web
sources is based on natural language processing (NLP). In
such an approach, NLP techniques are used to find rele-
vant fragments that can be extracted from a source docu-
ment [12]. The system described in [21] is an example of
a tool that uses such techniques. An NLP-based approach
is effective but is very specific and usually demands a large
number of training examples.

An ontology-based approach to extracting data from Web
sources is presented in [13, 14]. This approach uses a seman-
tic data model to provide an ontology that describes the data
of interest and its location on the source pages, including re-
lationships, 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. Although this approach can be quite effec-
tive, its major drawback is that it requires the ontology to
be manually constructed for a given domain.

An approach more related to ours is the one adopted by
the NoDoSe tool [5]. 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. Ad-
ditional documents of the same type are then provided to
the tool and automatically parsed. Any errors are corrected
by inspecting the results (using the interface), modifying
the hierarchy that describes the documents, and reparsing
them. The process is completed when all of the documents
have been successfully parsed. This approach is effective for
a large class of textual documents but, unlike ours, the gen-
eration of the extraction patterns is semi-automatic. More-
over, any mismatches found on these patterns must be cor-
rected during the extraction process which means that the
entire process is user-assisted.

Finally, a more specific but very interesting approach
to extracting tabular data from Web sources is provided
by TINTIN (Table INformation-based Text INquery) [18].
This tool extracts tabular data from unstructured docu-
ments based on a purely structural analysis of such doc-
uments. Heuristics are used to recognize the headings and
the values that compose the different columns of a table.

3 Data Extraction by Example

Consider a portion of a Web page obtained from the DB&LP
site [3] as illustrated in Figure 1. We notice that there is an
inherent structure to the text on the page. For instance,
we are able to distinguish four objects and, for each object,
we identify attributes such as a list of author’s names and
title. Such structure has not been declared anywhere but is
clearly identifiable. Texts or pages which present such type
of inherent structure are said to be data rich and narrow in
ontological breadth [14]. Such pages constitute the target of
our approach and are referred to simply as data rich pages.

Given a set of data rich pages, we investigate how to
extract (from them) objects and their attributes such that
they can, for example, be inserted into (nested) tables for
later querying. If properly done, this would allow retrieving
information which cannot be obtained with standard text
searching techniques. For instance, in Figure 1, one might
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Figure 1: Web page from the DB&LP site illustrating a data
rich example (ACM TODS).

be interested in all the titles which have been published by
a given author alone after March 1997. Notice that this
information is present on the page but cannot be obtained
using standard text retrieval techniques.

To be able to extract information from a set of data
rich pages, we need some type of description of what to
extract. For instance, we could assume the existence of a
grammar detailing how to parse and recognize tokens for
insertion on a table. In the example of Figure 1, such gram-
mar could specify that names of authors appear after a black
dot and are separated by commas. Further, the grammar
could state that the title appears in the line immediately
after the line containing names of authors. However, as al-
ready mentioned, the main grammar-based approaches are
too rigid for processing typical text which appear in prac-
tical situations (particularly, in the Web). For instance, an
entry might be missing the black dot which identifies the
object, might be missing information on authors, or might
misplace the information on the title such that it appears
prior to the information on the authors. To deal with such
situations, the designer of the grammar would have to an-
ticipate which exceptions could occur in practice and adapt
the grammar accordingly. Clearly, such task might be quite
hard in loose domains such as the Web.

In this work, we take a different approach and assume
that a well informed user simply specifies examples of ob-
jects to extract. Using these examples, we devise a strategy
to extracting the data from new pages (with similar struc-
ture) in the presence of mismatches, variation on the order-
ing of attributes, and an inconsistent (implicit) structure.
The user provides such examples through a graphical inter-
face by cutting pieces of data from the page and assembling
an example object. We expect that a couple of example ob-
jects should suffice to allow processing hundreds of new (but
similar in structure) pages.

‘We consider that the example object the user provides is
a complex object with a hierarchical structure. For instance,
for the Web page in Figure 1, the user could specify a 2-level
hierarchical example as illustrated in Figure 2. In this case,
the user specified a single example of a paper with 4 au-
thors, 39 pages, and which appeared in September of 1995.
Once an object is properly structured, it can be directly in-
serted into a nested table for later querying, as illustrated
in Figure 3. Further, this nested table can be flattened for
querying as a standard relational table. For each piece of
data in the example object in Figure 2, we assume that we
know the position in the original page where it came from.
For instance, the author name ‘Dennis Shasha’ initiates at
the second non-blank character of the ninth non-blank line
in Figure 1. Considering that the user provides the examples
through a graphical interface that allows him/her to mark



Edition ]
[ Volume [ Number | Date [ Article |

[ Author T Title [ Pages |
20 3 September 1995 {Denis Shasha,. . .,Patrick Valduricz} Transaction. . . 325-363
{ Weidong Chen} Query Bvaluation. .. | 239-297

[ Author T Title [ Pages |
20 4 December 1995 {IMin A. Chen,. .. Denis McLeod} | An Ezecution Model. . . 365-413
{ Piero Fraternali, Letizia Tanca} A Structured. . . 414-471

Figure 3: Nested table containing extracted objects

Volume
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Figure 2: Object provided as example for the Web page in
Figure 1.

pieces of data on a page and drag them, this positional in-
formation is trivially generated by storing the positions (in
the text) of the pieces marked by the user. Positional in-
formation is easy to obtain but represents a crucial piece of
evidence for assisting with the data extraction process as we
later demonstrate.

Given a very small set of example objects, there are sev-
eral possible strategies for extracting data from new pages
with similar structure. A simple strategy is the one roughly
described by the algorithm below (consider for a moment
that the examples provided by the user are flat, i.e., they
have a single level hierarchical structure).

begin
Let G be a set of pages given as input;
Let O. be an example object given as input;
foreach attribute A of O. do
Determine a local text context for the piece of data
associated with A;
end
Combine all the local contexts and generate
a context for the object Og;
Use the context description for O, to recognize and
extract new objects in pages of G;
end

The algorithm works by assembling a context for an ob-
ject and using this context description to identify new ob-
jects in new pages. The context describes the surround-
ings of the object provided as example by the user. Despite
its simplicity, this extraction strategy, which we call top-
down [19], works well with pages that are well structured
(i.e., that are data rich and present none or little varia-
tion in their structure). With pages with variable structure
(which are quite common in the Web), a distinct bottom-

up extraction strategy is more appropriate, as discussed in
Section 5.

Independently of the extraction strategy used to effec-
tively extract the objects, our example-based approach re-
quires an environment which allows the specification of ex-
amples and the extraction of the semi-structured data. We
devised such an environment which we call DEByE (Data
Estraction by Ezample)* . The major components for this
environment are presented in Figure 4. Basically, the DE-
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Figure 4: Components of the DEByE environment and their
role in a data extraction process.

ByE environment consists of a Graphical User Interface (GUI)
module and an Eztractor module. These two modules com-
municate through an intermediary data structure called Ob-
ject Extraction Patterns that we discuss in more detail in
Section 4.

The GUI module provides the user with a Java inter-
face that he uses to assemble a couple of example objects.
The assembled objects are then used to generate patterns
for extracting new objects. A sample screen of the DEByE
GUI is presented in Figure 5. The sample page appearing
in the “Source Window” is from the Murder by the Book
site, which is a Web bookstore. In this case, the user has
provided as examples a title by “Agatha Christie” and two
titles by “Leslie Charteris”. These examples are specified by
cutting data from the “Source Window” and pasting these
data in the “Table Window”. The structure of the table
shown in “Table Window” is defined by the user using oper-
ations provided by the GUI. The assembled objects are then
used to generate patterns for extracting new objects.

The Eztractor module takes the generated patterns and
applies them to new pages from the target Web source. It
then proceeds to identify new objects which are then ex-
tracted and provided as output. The Eztracted Objects are

*This name is a homage to Moshé Zloof, creator of the QBE lan-
guage [22], who suggested the paradigm we use to specify the data to
be extracted from Web sources.
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Figure 5: A sample screen of the DEByE GUL

stored in regular text files using a XML-based format that
allows for easy conversion to other formats or for insertion
in (nested) tables for later querying.

In this paper, our main focus is on describing a partic-
ular extraction strategy, called bottom-up strategy, which is
used by the Eztractor module. This strategy is discussed
in detail in Section 5. For details on the DEByE GUI, its
features, and implementation, we refer the reader to [20].
Before discussing the bottom-up extraction strategy, we dis-
cuss in next section how the example objects specified by the
user are used to generate Object Extraction Patterns.

4 Object Extraction Patterns

Object Extraction (OE) patterns are patterns used by the
DEByE Exztractor module to recognize and extract new ob-
jects from new Web pages. Each OE pattern describes the
hierarchical structure of an example object specified by the
user. The hierarchy associated with an OE pattern is com-
posed of nodes structured in levels as shown in Figure 2. The
nodes at the bottom of the hierarchy are used to identify the
atomic objects which compose a more complex object and
are called AVP Patterns. In this section, we first define AVP
patterns and then describe the OE patterns in more detail.

4.1 AVP Patterns

To specify an example, the user selects pieces of data which
he uses as atomic components of an example object. Each
piece of data selected is called a walue while each atomic
component is referred to as an attribute. Thus, we use the
terminology attribute-value pair (or, AVP) to refer to an
attribute and one of its values.

| Eric.html"> | [Eric Simon] </a>, <a (a)
| .html“>| [Eric Simon] </a>, (b)
® ©

Figure 6: Two possible local contexts and a pattern for the
AVP value Eric Simon.

The recognition and extraction of (implicit) objects pre-

sent on a page are based on the notion of a local context for
each attribute-value pair (AVP). Local contexts are derived
from the text in which the AVP occurs as follows. Consider
the position in the text (or Web page) of an AVP value se-
lected by the user. The text portions surrounding the AVP
value constitute a passage (or window) [10, 17] which can
be used as a local context. For instance, Figure 6 illustrates
the AVP value Eric Simon, as it occurs in the HTML source
of the page shown in Figure 1, along with passages which
can be used as its local context. Using this context infor-
mation we build a pattern (also called AVP pattern) which
can be later used to identify authors names such as Eric
Simon. Figure 6¢ illustrates an AVP pattern correspond-
ing to the AVP value Eric Simon using the local context
shown in Figure 6b. The symbol “*” matches a sequence
of characters of any length. Note that if we had used the
local context of Figure 6a, the resulting AVP pattern would
include context information that is too specific and, there-
fore, it would not retrieve any author name other than Eric
Simon. Thus, to be to able generate AVP patterns for ex-
tracting other author names, we must adopt a more flexible
pattern generation strategy. This can be accomplished as
follows.

Given an AVP selected by the user, we determine a pas-
sage surrounding this AVP value in the text. In this work,
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 the application of some simple heuristics for token
identification (for instance, a run of spaces is considered a
single token), an AVP pattern might result asymmetric.

The width W of an AVP pattern is determined automat-
ically for each type of AVP. We start with a small pattern
(which is usually too general) and make it more specific by
increasing its width W, until we find a pattern that provides
a good fit.

The resulting AVP patterns are then used to compose an
Object Extraction (OF) pattern.

4.2 OE Patterns

As we have already said, OE patterns are the patterns used
by the extractor module to find and extract new objects
from new Web pages. They include information on the
structure of the objects and on the AVP patterns associ-
ated with the attributes of these objects. For pages with
non-homogeneous objects (as the pages for the Murder by
the Book site), the user might have to specify more than
one example object for allowing extraction of a larger frac-
tion of the (implicit) objects in new pages. For instance,
in Figure 5 the user specified a second example object to
indicate that, in the case of the author Leslie Charteris, the
price of all her books is the same.

For each of the example objects in Figure 5, a distinct OE
pattern is generated. Figure 7 illustrates the two OE pat-
terns corresponding to the two example objects in Figure 5.
The Eztractor module illustrated in Figure 4 receives OE
patterns from the GUI module and matches them against
new incoming Web pages.

5 Extraction Strategy

In this section, we discuss a bottom-up strategy that, given
an OE pattern, extracts from a Web page a set of objects
matching it. Before discussing this strategy, we define some



<OBJECTS>
<TUPLE type="Author">
<ATOM type="name">
<PATTERN><! [CDATA [<B> [\s]*?([\X]+7) [\s]*?(?=</B>)]1]></PATTERN>
</ATOM>
<LIST type="Book">
<TUPLE type="Book">
<LIST type="Title">
<ATOM type="Title">
<PATTERN>
<t[CDATAL -- [\s]*7<I>[\s]*7([\xF1+7) [\s]#7(7=</I>[\s]*7 -- \$)]11>
</PATTERN>
</ATOM>
</LIST>
<ATOM type="Price">
<PATTERN>< ! [CDATA [--\$ [\s1*7([0-91+\. [0-9]+) [\s1*?(7=<P>)]11></PATTERN>
</ATOM>
</TUPLE>
</LIST>
</TUPLE>
</0BJECTS>

Figure 7: Object extraction pattern generated for the ex-
ample objects illustrated in Figure 5.

basic concepts and terminology required to deal with the
structure of complex objects.

5.1 Basic Concepts and Terminology

Since the structure of Web page objects is not always flat,
it is necessary to introduce the concept of a complex ob-
ject with a hierarchical structure as we now do. Instead of
formally defining a complex object, we introduce the termi-
nology through the discussion of an example. The example
we adopt is the complex object labeled Edition in Figure 2.

The object Edition in Figure 2 is composed of four other
objects which are called component objects or simply com-
ponents. The first three component objects (i.e., Volume,
Number, and Date) are atomic and are referred to as at-
tribute (or atom) objects or simply attributes (or atoms).
The fourth component (i.e., Article) is a list object or sim-
ply a list. This list is formed by several identical complex
objects. Each of these objects is composed of a list (i.e., Au-
thor) and two atoms (i.e., Title and Pages). The list Author
is itself formed by atomic objects.

To simplify the discussion below, we first describe the
bottom-up strategy for flat objects only. Following, we de-
scribe a general version that can be used to extract objects
presenting multi-level structures.

5.2 Bottom-up Extraction Strategy

The main feature of our bottom-up extraction strategy is
that it recognizes and extracts atomic object components
(which lie at the bottom of the hierarchical structure of a
complex object) prior to the recognition of the object itself.
The component objects are then used to assemble the object
through a bottom-up composition operation. The details are
as shows the Algorithm in Figure 8.

Our bottom-up extraction strategy is considerably more
complex than the top-down strategy outlined in Section 3.
Instead of assembling a pattern for the whole object, we
work with the AVP patterns composing an OE pattern Oe.
For each AVP pattern, we obtain all strings matching it
within the current page g and store then in AVP_BAG, along
with positional information. The strings in this set are then
used to compose the objects.

Since the variable AVP BAG is a set, there is no notion
of order among the strings in this set. Further, the objects
being composed might result incomplete in the sense that
they do not include all the components of the OE pattern

BU-Extraction
begin
Let G be a set of Web pages given as input;
Let O. be an OE pattern given as input;
foreach page g in G do
/* Extracts AVP from pages and store them in AVP_BAG */
AVP_BAG + 0;
foreach AVP attribute A in O, do
Let p be the AVP pattern corresponding to A;
foreach string s in g matching p do
Let I be the position of s in g;
AVP_BAG «+ AVP_BAG U {{A, s,1)};
end
end
/* Assemble objects using triples from AVP_BAG. */
/* The assembled objects have a structure similar to O.. */
Let (A, s, ) be the triple in AVP_BAG with lowest [;
MARK + A;
while AVP_BAG # 0 do
if A= MARK then
create a new object O with the structure of O.;
end
Assemble s as the value for attribute A into O;
remove (A, s,1) from AVP_BAG;
Let (A, s,1) be the triple in AVP_BAG with lowest /;
end
end
end

Figure 8: Details of the bottom-up extraction strategy

Oe. In fact, in the bottom-up strategy a new object will be
recognized and composed even if (a) its components appear
out of order (for instance, the title appears before the author
names) and (b) it is missing some of its components. These
properties of our bottom-up strategy provide for greater flex-
ibility and naturally take into account the notion of partial
object recognition.

We observe that there is no way of telling when the
strings in the set AVP_BAG are related to a same object.
The reasons are: (1) we have collected the AVPs without
paying attention to the structure information provided by
the OE pattern O, and (2) a new object might be missing
one or more of its components. To avoid mixing up com-
ponents of two distinct objects, we use the first attribute
found in the page as a mark, i.e., every string recognized
as a value of this attribute indicates the beginning of a new
object. Thus all attributes values occurring between such
marks are assumed to belong to a same object.

Even being more complex, the bottom-up strategy as de-
scribe so far can only deal with flat structures. The reason
is that it mixes up all the AVP and thus, is unable to dis-
tinguish more complex objects whose components are, for
instance, lists. To deal with this situation, we need to gen-
eralize our strategy such that it also takes into account OE
patterns presenting a more complex structure.

5.3 Generalizing the Bottom-up Extraction Strategy

To generalize the bottom-up strategy for objects present-
ing a non-flat structure, consider that the OE pattern O,
is in fact a sub-hierarchy of a more complex OE pattern
Oy. When all objects matching O, are assembled, they will
be used to composed the more complex objects, i.e., the
objects matching Oy, in the same fashion as the extracted
AVPs were used to compose objects matching O.. The same
is done for all the sub-hierarchies of Oy, along with any at-
tribute composing it. Cases of objects with more nesting
levels are naturally treated because Oy can itself be a sub-



hierarchy of a more complex OE pattern and so on. We
note that the component objects recognized might be ap-
proximate (in the sense that their sub-components might be
out of order or missing).

The whole procedure works from the lower levels of the
hierarchy to the upper levels. The frontier of a complex ob-
ject can be delineated through proper markers in a similar
way as used in the simple bottom-up strategy. We notice,
however, that in this case complex objetcs can be also re-
garded as marks. By doing so, we are able to identify com-
plex component objects and compose them properly, natu-
rally recognizing partial objects without compromising its
time efficiency. This is the main idea and the details are not
provided here. This increased flexibility of the bottom-up
strategy is quite powerful in practice, particularly with Web
pages, as we demonstrate in Section 6.

The top-down strategy outlined in Section 3 recognizes
objects in their entirety. Thus, recognition of partial objects
(i-e., objects which are missing a component such as a date)
is not done. Further, objects which contain components out
of order (for instance, the title appearing before the author
names) are also not recognized. To recognize partial objects,
the top-down strategy depends on a potentially large set of
example object patterns. To illustrate, consider a two level
example object with three atomic components labeled O,,
Oy, and O.. Retrieval of all possible partial matching ob-
jects would require 7 distinct object patterns (one pattern
for the complete object, three patterns to indicate the ab-
sence of a single component, and three patterns to indicate
the absence of two components). For large example objects,
the number of cases might be high which makes the extrac-
tion procedure inefficient in time (because each new page has
to be processed independently for each example pattern). In
case the example object is described by a multi-level hierar-
chy, the set of example patterns becomes more complex and
larger which further diminishes the overall effectiveness (in
practice) of the whole extraction procedure.

Figure 9 illustrates graphically the behavior of the bot-
tom-up extraction strategy in comparison to the top-down
strategy. The bottom-up strategy assembles complex ob-
jects through a composition of simpler component object
matches, while the top-down strategy recognizes entire com-
plex objects and decomposes them into simpler components.

Top-Down

s
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Althor 99 ‘0@
Tile Pages

Bottom-Up

Figure 9: Behavior of the bottom-up extraction strategy.

6 Results

In this section we discuss the application of our extrac-
tion strategy to HTML pages collected from popular Web
sources. The results are presented in two parts. In the
first part, we use Web sources whose (implicit) objects are
structured in one-level. In the second part, we use a Web
source whose (implicit) objects are structured in two-level
hierarchies.

For the first part of our experiments, we use three Web
sources: (a) CDNow [2], (b) Travelocity [4], and (c) Ama-
zon [1]. Figure 10 illustrates excerpts of pages from these
three sources. CDNow is a site whose pages present basi-
cally the same structure and are composed of homogeneous
objects. Travelocity is a site where pages present objects
without a clearly defined structure. Amazon is a site whose
pages include objects which might be incomplete (i.e., some
components might be missing).
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Wyndhati Arubz Beach Besort & Casino $386- (5 nts) Couples, singles and
families alike will love this resort located on Amuba’s most exclusive heach. Enjoy
swimming, water sports, tennis and nearby championship goif. And the Kids KIub is
fun for ail ages

(b) Travelocity

Hardcover / Published 1995
Our Price: $149.95 (Special Order)

Internet Publishing with Microsoft Word 7.0; With CDROM
With CDROM

Connie Dunn / Paperback / Published 1998

Our Price: $29.95 (Not Yet Published)

Read more about this title...

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

(¢) Amazon

Figure 10: Excerpts from three Web sources used in our
experiments.

We collected sample pages from our three sources and
applied the top-down and bottom-up extraction strategies
to them. A single example object was provided for each
source, as illustrated in Figure 11.

Using this single example object for each source, we have
applied our strategy to extract object from the sample pages
we collected. The results are illustrated in Table 1. The
sample pages from CDNow contain 219 retrievable objects
which were all recognized and extracted by both strategies.
The reason is that these objects present a simple inherent
structure which is preserved in all pages. The sample pages
from Travelocity contain 162 retrievable objects. While the
bottom-up strategy is able to recognize and extract all of
them, the top-down strategy fails to recognize 21% of them
(i-e., 129 or 79% of the objects are retrieved). The reason
is that although the implicit object structure occurs in all
pages, for some of them one of the attributes is not always
present. The sample pages from Amazon contain 89 recog-
nizable objects. While the bottom-up strategy extracts 95%
of them, the top-down strategy presents a poor retrieval per-
formance and is able to recognize only 28% of the objects.
The main reason is that the objects might now have different
attributes which are missing. While the performance of the
top-down strategy can be improved by increasing the num-
ber of example patterns, there is not much motivation to do
so because the bottom-up strategy is already so superior.

Consider again the sample pages from Amazon and as-
sume that the (implicit) objects on those pages are sorted
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Figure 11: Example Objects as specificed through the DE-
ByE GUL

Source Total TD BU
CDNow 219 | 219 (100%) | 219 (100%)
Travelocity 162 129 (79%) | 162 (100%)
Amazon 89 25 (28%) 85 (95%)

Table 1: Number of objects retrieved by our top-down (TD)
and bottom-up (BU) strategies for three Web sources.

according to their order of appearance. Consider this sort-
ing as a ranking of the objects from these Amazon pages.
Given this unusual ranking of the objects, we can plot curves
of precision and recall [8] (in 11-standard recall levels) for
the results of our bottom-up and top-down strategies. The
curves are plotted as follows. Let N be the total number of
objects. We traverse the ranked objects starting with the
first object and moving towards the last one. At the position
n of the ranking, we have traversed n objects. For these n
objects, we count the number ¢ of objects that have been
properly recognized by each extraction strategy. The preci-
sion P indicates which percentage of the objects traversed
has been recognized. The recall R indicates which percent-
age of all objects has been recognized. Thus, the precision P
and the recall R are given by: P = % and R = %. Precision
and recall figures for the pages from Amazon are illustrated
in Figure 12.

We first notice that the retrieval performance of the top-
down strategy deteriorates as it proceeds. This effect in-
dicates that the top-down strategy fails to match objects
early on and never recovers. The bottom-up strategy, on
the other hand, is able to maintain high precision for lev-
els of recall up to 80%. Then, its precision suddenly drops

Amazon Bookstore Sample Objects
140 . . . ! !

Top-Down ——
120 ¢ Bottom-Up = 1
Bottom-Up* =

— O e
g oK
.% 60 |
T w0l
20
0 L H L
0 20 80 100

40 60

Recall (%)
Figure 12: Precision and recall curves relative to sample
pages from Amazon.

to zero. This indicates that the objects in the final sample
pages have a distinct structure. To deal with this problem,
we built a single additional example object (derived from
one of the final sample pages). We then rerun our bottom-
up strategy using now two example objects (the one that
we had originally and the new one just built). The curve
labeled Bottom-Up* illustrates the results which indicate a
very nice improvement. In fact, the levels of precision are
now very close to 100% for the various recall levels.

For the second part of our experiments, we use Web
pages from DB&LP ACM TODS [3]. The example provided
is shown if Figure 13 The objects in these pages have a two-

EiTable WindowZz i
Edition

[_Wolume |_MNumber | _Month | _ Vear | Article il

20 3 1935 [_Auther | Title | Pages =
1 Vannis E. I..|Containm.. |288-324  [[&
1 |Rashu Ra..

] ]

Figure 13: Example Object as specified through the DEByE
GUI for a sample DB&LP TODS page.

level hierarchical structure as indicated in Figures 1 and 2.
To demonstrate the deficiencies of the top-down strategy
in dealing with missing pieces of information in multi-level
hierarchies, we deleted some component objects (particu-
larly, Date and Pages) from the objects in our set of example
pages. Following, we applied the top-down and bottom-up
strategies on the modified pages. The results are summa-
rized in Table 2.

Object [ Total | TD [ BU
1st. Level

Volume 20 15 (75%) 20 (100%)

Number 20 15 (75%) 20 (100%)

Date 15 15 (100%) 15 (100%)

Edition 20 15 (75%) 20 (100%)
2nd. Level

Title 76 45 (60.5%) 76 (100%)

Author 188 | 110 (58.5%) | 187 (99.5%)

Page 66 45 (68.2%) 66 (100%)

Article 76 45 (60.5%) 76 (100%)

Table 2: Number of objects retrieved by our top-down (TD)
and bottom-up (BU) strategies for the DB&LP Web source.

We observe that, in the first level, there are 20 complex



objects and that 5 of them do not include a Date compo-
nent. Because of that, these 5 objects are not retrieved by
the top-down strategy. Additionally, the top-down strategy
also fails to recognize second level components (generated by
a decomposition operation) even after properly recognizing
the first level components. The bottom-up strategy, on its
turn, is able to compose complex objects, even when some
of their component objects are missing in the Web source.
As a result, it presents a very nice extraction capability.

7 Conclusions

We have studied the problem of extracting semi-structured
data from Web pages. Our approach is innovative because
it is based solely on a couple of examples provided by the
user. Further, it is highly adaptive and deals nicely with
objects missing attributes or presenting the attributes out
of order.

‘We showed that example-based data extraction leads to
two basic types of strategies: a top-down strategy and a
bottom-up strategy. We presented both strategies and dis-
cussed the trade offs between them. Through experimenta-
tion, we demonstrated that the bottom-up example-based
strategy is very effective and retrieves almost all objects
present in sample pages obtained from distinct sources. We
also notice that our approach is not tied to any specific for-
matting system (e.g. HTML, XML, LaTex, etc.). Instead,
it takes advantage of any markups surrounding the data of
interest.
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