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Abstract. To cope with the irregularities of typical semistructured Web data, extraction
tools usually break the extraction task in two phases: an extraction phase, in which atomic
attribute values are extracted from Web pages, and an assembling phase, in which these
atomic values are grouped to form complex objects. As a consequence, the whole process
is highly dependent on the attribute values collected in the first phase. All attribute values
of interest should be properly recognized and spurious values should be discarded. Thus,
attribute values extraction is an important problem. In this paper, we propose a new frame-
work for generating attribute value extractors. The main appeal of this framework is that
it can be adapted for dealing with specific types of data sources and to incorporate distinct
types of heuristics for achieving good extraction performance. To demonstrate the feasibility
of this proposal, we present an implementation of this framework for data-rich Web pages
and show how a number of simple heuristics, some of them presented in the recent literature,
can be incorporated into this framework. We also show experimental results and, in most
cases, our results are at least as good as results previously presented in the literature.

1 Introduction

In the past few years, the number of sites and services available on the Web that can be regarded
as data “containers” has increased steadily. Such large availability has opened the possibility of
using these data in a variety of ways. However, data-rich or data-intensive [6] Web sources most
often provide only HTML pages in which data of interest (e.g., data on featuring movies) appears
implicit. Its structure can be detected by virtual inspection but has not been declared explicitly.
In most cases, such data occur mixed inside Web page text with markup tags, other strings, in-line
code, etc. Further, the structure of the data is only suggested by presentation features. Such a
structure is often loose, with the possibility that two similar items (e.g., entries on two distinct
movies) present structural variations between them. Because of this, data available in Web sources
is classified as being semistructured [1].

To exemplify, Figure 1 illustrates the excerpt of a Web page, obtained in response to the query
“Paul McCartney” submitted to the Amazon.com Web site. This page contains data about several
distinct products related to the query, organized by sections that correspond to Amazon.com
stores. To simplify our example, we consider only the stores books and auctions. Consider we are
interested in extracting data on the stores and the products available on it. In the page excerpt of
Figure 1, we can identify two complex objects: Books and Auctions. Both objects are of type Store.
They are composed of an atomic value that identifies the store name and a list of ltem objects,
each of them being a complex object itself. Note that, for each store, the information on products
is distinct. The information can be structured as an aggregation of attributes Item, AuthorList and
BookType, for the Books store, and of attributes Item, Bid and Time, for the Auctions store.

A commonly adopted strategy for gaining access to implicit Web data is to build wrappers
that extract the data of interest, uncover its semantics, and convert them to a suitable format
such as relational tables or XML objects. These converted data can then be adequately processed
according to specific application needs. Until recently, the most common approach for developing
wrappers was to write them directly using general purpose languages such as Perl and Java.



@ Books: See all 72 results in Books...

» Blackbird Singing : Poerns and Lyrics, 1965-1999 —- Paul McCartney, Adrian Mitchell {Editor ); Hardcover
= Paul McCartrey : Many Years from MNow —— Barry Miles; Paperback
= The "Walrus "Was Faul - The Great Beatle Death Clues —- R. Gary Fatterson, J. Fox {Introduction); Faperback

Auctions: See all 186 results in Auctions...

= Paul McCartney — Freedom Cat#: 5502552 - Single OF —— Current Bid: $6.99 -- Ends in 054252
= MEW Faul bcCarthey Freedom C0 —- Cuorrent Bid: $5.49 —- Ends in 1 days, 210316
= MEW Faul bcCarthey Freedom C0 —- Cuorrent Bid: $5.49 —- Ends in & days, 195916

Fig. 1. An example Web page from Amazon.com.

Developing wrappers manually has many well known shortcomings, mainly due to the difficulty
in writing and maintaining them. More recently, several works in the literature have discussed
approaches for semi-automatically generating wrappers for Web data [6, 11, 2].

Recent works in the literature propose the semiautomatic generation of wrappers by deriving
the extraction rules w from a given set of examples of the objects to be extracted. According to
this approach, given a set £ C O of example objects, taken from a subset Ty C T' of a Web source
S, a wrapper generation procedure g generates the extraction rules w. That is, g(E,Tp) = w.

In general, example-based approaches for generating wrappers use techniques from machine
learning [14] or information retrieval [11]. Although one of the first works is this area [10] suggests
the use of an “oracle” for providing examples, most of the research later developed rely on humans
for this task [11].

To properly deal with the hierarchical and semistructured nature of the data to be extracted,
state-of-art approach for Web data extraction divide the process in two distinct phases: an extrac-
tion phase and an assembling phase. In the extraction phase, atomic attribute values (e.g. names
of authors, types of books, etc.) are identified and actually extracted from a given source page. In
the assembling phase, the attribute values extracted in the previous phase are grouped to assem-
ble complex objects. This two-phase approach is adopted by many recent works in the literature
[5, 7, 8, 12, 13, 15, 14], because it provides for greater flexibility. The assembling phase is usually
guided by a description of the target structure that is either implicitly assumed [8], obtained from
a user [11, 13, 14, 15] or automatically inferred [5].

In this work we are particularly interested in the extraction phase, that is, our focus is on the
the problem of extracting attribute values that compose complex semistructured objects. Indeed,
this phase is critical for the whole extraction process to work properly.

We present an example-based framework for generating attribute extractors. Each such extrac-
tor can then be used by a wrapper for extracting values of a given attribute. Several works in
the literature propose strategies for generating attribute extractors [8, 13, 15]. The main appeal
of the framework we propose here is that it provides hooks that allow direct incorporation of
several application-oriented heuristics, with no need of modifying the code of the framework itself.
Using our framework, wrapper developers can customize the generation of attribute extractors for
specific application needs and orient the extraction goals according to these needs.

Moreover, differently from most works in the field, the presented framework is very flexible.
Actually, it is immediately ready for applications other than Web data extraction. By properly
tuning the customizable components of the framework, called delimiters tree and Guiders, we
can rapidly develop semi-automatic or automatic wrapper generation applications for several data
sources, ranging from legacy proprietary database formats to web server log files.

To demonstrate the feasibility of our proposal, we present an implementation of this framework
for data-rich Web pages [6] and show how simple heuristics can be incorporated into the framework.
We also show experimental results achieved by using these heuristics individually and by combining
them. Our results are at least as good as results previously presented in the literature.



The paper is organized as follows. Section 2 presents the notion of attribute extractors. Section 3
discuss PDS, the type of attribute extractors generated by our framework, while in Section 4 we
present our strategy for obtaining a useful PDS. In Section 5 we describe how application-oriented
heuristics can be incorporated to the framework. Section 6 describes an implementation of the
framework targeted at Web pages and Section 7 presents experimental results obtained with this
implementation. In Section 8, we briefly comment the related work. Finally, Section 9 presents our
conclusions and comments on future work.

2 Attribute Extractors

This section presents the concept of an Attribute Extractor. Through the paper we use the term
attribute to refer to atomic components of objects, similarly to what is done in databases.

Informally, we call attribute extractor a regular expression, grammar or finite-state automaton
aimed at extracting from an input text (e.g., a Web page) values for a given attribute. Consider
the HTML page shown in Figure 2. In this simple page, we can see a list of two books represented
by their titles along with the names of their authors.

<HTML><BODY BGCOLOR=FFFFFF>

<B>The Catcher in The Rye</B> by <I>Sallinger, J.D.</I>

<B>Zen and The Art of Motorcycle Maintenance</B> by <I>Pirsig, R. M.</I>
</BODY></HTML>

Fig. 2. An example Web page.

Suppose we are interested in extracting the names of the authors. For this, we build some
regular expressions' as shown in Figure 3.

[<\wr>.x2</\w>\n<B> | [e</B> by <D>.#7</D> |

(a) (b) (c)
‘Rye</B> by <I>.*?</I>‘ [ <\we> . x7</\u> |
(d) (e) (f)

Fig. 3. Regular expressions for extracting author names from the Web page of Figure 2.

The regular expressions of Figures 3(a)—(e) can be considered as attribute extractors for author
names, since all of them match strings corresponding to the name of an author in the page of
Figure 2. The regular expression in Figure 3(f), however, does not match any author name and,
thus, it is not an attribute extractor for author names.

There are two important properties a useful attribute extractor should have. First, it should
be sound, that is, it should only match values in the domain of the attribute considered. Second,
it should be complete, that is, it should match all values in the domain of the attribute considered,
occurring in a given text or page.

To exemplify, the regular expressions of Figure 3(a)—(c) correspond to attribute extractors that
are both sound and complete. Figure 3(d) correspond to an attribute extractors that is sound, but
not complete, since it only extracts the value Sallinger, J.D., while the regular expression in
Figure 3(e) corresponds to an attribute extractor that is complete, but not sound, since it extracts
strings that are not author names. These properties are formalized in Definition 1.

! We adopt here a usual notation for regular expressions similar to Perl, Grep, etc.



Definition 1. Let 7 be an attribute whose domain is D, and let D.(g) be the set of strings in
a Web page g that belong to D,. Let £ be an attribute extractor for T and L. be the language it
denotes. We say that e, is sound iff D (g) D L.. Also, we say that €, is complete iff D (g) C L.

From our discussion, one can foresee that there are infinitely many possibilities for generating
attribute extractors for a given domain, even if we limit ourselves to attribute extractors that are
sound and complete.

To cope with such a complexity, a commonly adopted approach is to break the input document
into tokens. For this, it is necessary to assume some tokenization policy. In Figure 4 we present
an excerpt of a possible tokenization? of the page in Figure 2. Notice that we have adopted here
a very simple tokenization policy.

The B Rye | | </B> B <I> | |Sallinger, B J.D. | |</I>||<B>| |Zen

Fig. 4. Excerpt of a possible tokenization of the Web page in Figure 2.

By using tokenization, it is possible to construct attribute extractors that match tokens instead
of single characters. Under this assumption, an attribute extractor is described as a sequence of
slots, each slot matching a token in the input text. As an example, consider the three regular
expressions presented in Figure 5. They correspond to attribute extractors for author names in
Figure 2.

Py Py So

(a) [<I>J .*?j [</I>]
» @) EEE)
o ) @)E))

Fig. 5. Examples of attribute extractors.

In the regular expression in Figure 5(a), the slot labeled D matches an author name, and the
slots labeled Py and Sy match respectively a token on the left and a token on the right of the
author name. In the regular expression in Figures 5(b)—(c), an additional slot (P;) was used.

Several recent works on Web data extraction adopt concepts similar to attribute extractors
based on text tokenization. This is the case of the AVP-Patterns used in DEByE [11], the Finite
State Transducers used in SoftMealy [8], the Landscape Automata used in Stalker [14], and the
DataFrames used by Embley et. al. in their work [6].

In this paper, our main goal is to investigate the design and implementation of a particular
type of attribute extractor called Prefix-Data-Suffix Extractor or PDS extractor for short. The
attribute extractors of Figure 5 are all examples of PDS extractors. A PDS extractor is composed
of one data slot, one or more prefiz slots (which occur on the left of the data slot), and one or
more suffiz slots (which occur on the right of the data slot). In the next section, PDS extractors
are discussed in detail.

2 We represent blank spaces by e.



3 Prefix-Data-Suffix Extractors

Let us first introduce the notion of a delimiters tree. This notion is central to our ideas. Let
P.,Pn_1,....,P.,Py,D,Sy,S1,-..,5.-1,5, be an attribute extractor for values of an attribute
T occurring in a Web page g. Each P; or S; is a slot (i.e., a regular expression) that matches a
token in g, and D is any token that occurs between Py and Sp. For this attribute extractor to be
useful, its slots must refer specifically to the tokens generated from the target input. Because of
this, attribute extractors slots and tokens should be based on a same common tokenization policy.
The structure responsible for this policy is what we call a delimiters tree.

Definition 2. A delimiters tree D is a hierarchy (a tree) in which each node n is associated with
a reqular expression e, over an alphabet X that denotes a language L,, such that the following
properties apply:

o Let r be the root of D, then e, = X*;
k

o Let r be the root of D and {c1,...,cr} be the set of its children, then \J L., = L,.
i=1

1=

k k
e Letn be a node in D and {c1,...,ck} be the set of its children, then |J L.; C Ly, and (| L., = 0.
~ |

i= =1

The delimiters tree is used with two objectives. First, it guides the tokenization of the input
document. The regular expressions in the second level of the delimiters tree are used to extract
a sequence of tokens from the target page, assigning higher priority to the bigger tokens. Second,
its nodes are used to compose the slots that form attribute extractors.

By building a delimiters tree, it is possible to specialize the framework to generate attribute
extractors for a specific class of text documents. Implicitly, by defining such a tree the wrapper
developer takes advantage of the structural elements typical of a documents class (e.g. HTML) to
allow the construction of suitable attribute extractors. As an example, in Figure 6 we illustrate a
delimiters tree built for specializing the framework for HTML documents.

Non-Blank
Alpha-Numeric @ Not Alpha-Numeric and Not Newling
HTML Tag with Atributes HTML Tag with no attributes

Fig. 6. A delimiters tree for HTML documents.

Attribute extractors generated according to a delimiters tree are termed Prefiz-Data-Suffiz
Extractors or PDS extractors for short. More formally, we have the following definition:

Definition 3. Let g be a Web page and e be a string in g. Also, let T be a delimiters tree and
T = ---3Pmy--->P0,€,80,---,8n,--- be a tokenization of g according to T, where e is a token
in gr. A Prefix-Data-Suffix Extractor or PDS extractor is an expression of the form:
Py,Pp_1,--.,P1,Py,D,S,51,---,5.-1,Sn, where D is a regular erpression denoting X*, P;
is the i-th token to the left of e in g, or a regular expression ,, where v is a node in the delim-
iters tree T' that matches this token, and S; is the j-th token to the right of e in g, or a regular
erpression €,, where u is a node in the delimiters tree T that matches this token.

We notice that a given PDS extractor m, as any regular expression, denotes a language L.
From the above definition, the matching portion D of any word belonging to L, is the data the



PDS extracts. A PDS 7 is said to be complete if the words in L, contain all data to be extracted.
Similarly, a PDS is said to be sound if all the words in L, contain only valid data. Therefore, our
ultimate purpose is to construct a PDS extractor that is sound and complete. The next session
presents the strategy adopted in our framework for obtaining a suitable PDS extractor.

4 PDS Tree

In this section we describe our general strategy to obtain suitable PDS extractors for extracting
attribute values from Web pages. As we shall see, this strategy consists in first generating a set
of candidate PDS extractors and then using application-oriented heuristics to select from this set
the most promising PDS extractor in terms of soundness and completeness.

Let g be a Web page and T be a delimiters tree used to generate a tokenization gr of g. Given
a token e, which is an example of a value of an attribute, say 7, it is possible to determine the set
of all possible PDS extractors that match this token by using the regular expressions in 7'. For
this, the tokens surrounding the example are turned into slots and combined in all possible ways.
The set of these PDS extractors is called the PDS candidate set.

As the delimiters tree T' defines an hierarchy over these regular expressions, it is also possible
to define a hierarchy over the candidate PDS set. This results in a structure we call a Candidate
PDS Tree or PDS Tree, for short.

Definition 4. Let g be a Web page, T be a delimiters tree and g7 = ..., Pmy---300,€,505 - - - Spy - - -
be a tokenization of g according to T. We define a PDS Tree in g as follows:

— Each node in the tree is a PDS extractor of the form Pp,,...,Py,D,Sq,...,Sy, where D is a
regular expression denoting o* and P; (S;) is either equal to p; (s;) or it is a reqular expression
in T that matches p; (s;);

— The root of the tree is the PDS po, D, so;

- IfP,,...,Py,D,S,...,S, is a node in the tree, then

o every PDS Pyy1,Pn,...,FPo,D,So,...,5, is a child of this node in the tree;
o every PDS P,,,...,Py,D,Sy,...,Sn,Sn+1 s a child of this node in the tree;

Informally, a PDS Tree is generated for a token e, given as ezample, such that all PDS extractors
in the tree are capable of extracting e and, possibly, other strings. The children of a given PDS
extractor in a tree are those that have one more slot (to the left or to the right), being this slot
the token (to the left or to the right) itself, or some equivalent regular expression obtained from
the delimiters tree.

As an example, consider the example page of Figure 2, the delimiters tree of Figure 6, the
tokenization of Figure 4 and the PDS extractor of Figure 5. In Figure 7 we illustrate an excerpt of
a PDS Tree generated when the string Sallinger, J.D. is given as example. In the root of this
subtree is the PDS labeled (a) formed using the tokens that occur immediately on the left and
on the right of the string provided as example. Among the children of this PDS we find the PDS
labeled (b), which adds a token to the left, and the PDS labeled (c), in which the token on the
left (by) is replaced by a regular expression (<\w+>) taken from the delimiters tree of Figure 6.

Our next step consists in traversing the PDS Tree in search of a suitable PDS. A naive strategy
to accomplish this would be to exhaustively traverse the whole tree, apply each PDS to the target
page and use an oracle (e.g., a human user) to determine whether the PDS was able to correctly
extract all values of interest and only those values. This strategy is not feasible for two main
reasons. First, its not possible to guarantee that a sound and complete PDS exists, and, second,
the complete traversal of the whole PDS Tree is unbearable in practice.

The tree-like organization of the structure comes in hand to solve this problem. We can see
PDS tree as a decision tree, where each node is presented to the user as a possible solution. If
the user is not satisfied with such solution, then he points the node that seems to be nearer to
the optimal solution. As user feedback is a high cost resource, we will try to simulate it by means
of decision making functions that encapsulate application-oriented heuristics. This functions are
called Guiders and are discussed in the next section.
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Fig. 7. Example of a PDS Tree

5 Guiders

Given a PDS tree as described above, consider an oracle? that is capable of telling for a given node
n reached during the traversal: (1) whether the traversal must stop, meaning that n is “reasonable”
PDS; or (2) which child of n is the “most promising” node for the traversal to continue. Such a
traversal is describe by the PDS-Search algorithm in Figure 8.

PDS-Search(n : root of a subtree of a PDS Tree);

begin
if Oracle.Stop(n)
then Return n ;
else ¢ « Oracle.ChooseChild(n) ;
PDS-Search(c) ;

QRO G W e N

9 8
10 end

Fig. 8. The PDS-Search Algorithm.

The Oracle described above is the second main component of the framework we propose in this
paper. It is used to encapsulate a number of heuristics that can provide the two kinds of information
required by the PDS-Search algorithm. In our framework, these heuristics are implemented by
small functions called Guiders, since they have the role of guiding the traversal on the PDS Tree
in the search for a “reasonable” PDS.

Guiders are invocated by the Oracle for each node traversed according to the PDS-Search
algorithm. As a response, each guider must be capable of returning two values called vote and the
stop. The wvote value is used to choose one of the children of the current PDS as a next step. The
stop value is used to know if this PDS is considered good enough so that the tree traversal can
stop. Besides the vote and the stop value, guiders must return a confidence level associated to each
of these values.

For each node n found in the traversal, the oracle must decide whether it must go on the
traversal or not. If it takes the decision of going on, it must choose one of the children PDS of n.
To make this decision, the oracle invocates all guiders available to evaluate each of the children.
For each confidence level returned by the guiders, an average of the vote values for each child PDS
is computed. Then, the oracle selects the child that received the highest vote average within the
highest confidence level. In the case of a draw, the child that received the highest vote average
within the second highest confidence level is selected and so on. The decision of stopping the

3 This oracle is not related to oracles that can be used for automatically providing examples



traversal in node n is taken in a similar fashion. However, this is only taken if the highest average
of stop values within the highest confidence level is greater than a predefined threshold. This is a
very simple approach to combining evidences given by the guiders, but it showed to have enough
power for our purposes.

Our framework allows guiders to have access to all information available during the process.
That is, guiders have access to the example given, to the delimiters tree, to the target page and its
tokenization, and, of course, to the PDS Tree. In addition, guiders may also receive parameters.
Thus, guider developers are allowed to use any of these structures to compute votes and to establish
their confidence levels. For instance, guiders can take the current PDS in the traversal, use it to
extract from the input page and then cast its vote and confidence level based on the results of the
extraction.

Guiders constitute, along with delimiters tree, the main customization resources within our
framework. By properly building them, wrapper developers can introduce heuristics for dealing
with specific type of text or with special kinds of data of their interest. They specify the biases of
the wrapper induction system.

By making guiders properly declaring their confidence level, developers can prevent a guider
that is too specific from compromising more generic guiders. For instance, a guider built to operate
inside columns of an HTML table can declare a low confidence level when invocated outside an
HTML table, so its vote is deprecated in favor of “more confident” guiders. Notice that we allow
wrapper developers to choose only the guiders needed during a wrapper generation session, that
is, it is not necessary to use all guiders available at once.

6 Putting all together

To demonstrate the feasibility of the proposed framework, we created an implementation of it
targeted to HTML documents. First, we built a delimiters tree similar to that presented at Figure
6 for exploiting the typical structural features of HTML documents. Next, we also created a
few guiders to guide the traversal of the PDS Tree. Following, we briefly describe the guiders
implemented.

e Position Guider. To evaluate a PDS, this guider bases its decision on the relative positions
of the atomic values extracted by the PDS. For this, the guider uses the PDS to extract from
the input page and verifies the standard deviation of the distances (in the page) between the
atomic values obtained. PDS that result in small values for this metric are better evaluated.
The heuristic implemented by this guider is similar to one of the heuristics used in [6].

e Counter Guider. This is an example of guider that receives a parameter. In this case, the
guider takes from the user an estimate of the number of values of the attribute of interest in
the input page. PDS extractors that extract nearly this number of atomic values are better
evaluated. This guider emulates the heuristic use in [11].

e HTML Tree Guider. This guider takes advantage of the inherent structure of the HTML parse
tree corresponding to the input page. When evaluating a given PDS, this guider determines, for
each atomic value obtained by the PDS, the path in the parse where it is located. PDS that
result in atomic values with similar paths are favored when evaluated by this guider. This guider
provides a functionality similar to that of [4].

e MSYFM Guider. MSYFM (Make Sure You Find Me) is a guider that takes as parameters
additional examples of values of the attribute of interest. This guider tries to ensure that all
examples given are covered by the chosen PDS.

Concerning MSYFM Guider, it is worth noticing that some approaches in the literature [11]
prefer to create distinct attribute extractor for different partitions of the set of attribute values and
combine these attribute extractor using disjunctions. In our case, this can be easily accomplished
by an application (i.e., a wrapper induction system) that uses our framework. The application can
verify the failure of the MSYFM Guider, try new examples and create distinct PDS extractors,



simulating the disjunction functionality. This is not an inherent part of the framework since we
also support imperfect oracles [7] for providing examples.

In Figure 9 we present a diagram that illustrates the implemented framework. In summary,
to generate a PDS for an attribute of interest, the framework takes an input page and one Main
Example provided by the user. The Tokenizer then takes the Input Page and generates the Tok-
enization based on the Delimiters Tree. Next, the PDS Tree Builder takes the Main Example, the
Tokenization and the Delimiters Tree and generates the PDS Tree. The PDS Tree is traversed by
the Oracle relaying on the decisions taken by the guiders. We recall that, although not illustrated
in Figure 9, the guiders have access to all structures manipulated by the framework during the
process.

DelTrr;].;;eers —D. Tokenization ﬂ——

4

\/
EExm

[> PDS Tree ]
L Build

EFDE Tree

I }

[HTML. Tree Guide,rl o 1 | Counter Guider |<]—|Counte.r Estimaticns |
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Fosition Gulder [ MSYEM Guider M—-—'Additiondl Exampl es |

Fig. 9. Whole framework in action

7 Experimental Results

This section presents results from experiments we have carried out with the implemented frame-
work described in Section 6. The experiments consist in generating sound and complete PDS
extractors for extracting values of attributes of interest from typical data-rich Web pages. These
Web pages were taken from several distinct Web sites, some of them previously used for experi-
ments in other works in the literature [4, 11, 10].

Three guiders were used in the experiments: MSYFM, HTML Tree and Position. We do not
use the Counter Guider, since we wanted to limit the role of users to simply providing examples.
As for the remaining guiders, all extractions used the MSYFM Guider, and, for each site, we
first tried the HTML Tree Guider and and the Position Guider separately and then tried both
guiders together. For each attribute, we generate a single PDS. Notice that none of the guiders
were specially tuned for a given page, and user feedback was not used.

The obtained results are shown in Table 1. In this table, column Ex. indicates the maximum
number of examples used for each attribute. Column Sound shows whether the best final PDS
extractor obtained among those generated is sound or not. The same applies to Complete column.
Column Tree indicates whether the HTML Tree Guider individually was able to reach such result.
The same applies to column Pos with respect to the Position Guider and to column Both with
respect to the combined oracle of both guiders.

As Table 1 shows, in most of the 55 experiments our framework was able to generate PDS
extractors that are sound and complete. In 4 cases (Attributes 6, 41, 45 and 46) the PDS extractors
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were neither sound nor complete. In 4 cases (Attributes 13, 18, 21 and 38) they were just complete
and in 1 case (Attribute 55) the obtained PDS extractor were just sound.

In most cases for which the generated PDS extractor were just complete, the values extracted
incorrectly could be easily cleaned by using techniques like Corroboration [10] or ignored during
the assembling of complex objects by using a technique like Hot Cycles [5]. The date attribute of
Freshmeat was just sound, because there were some dates with a little different local context. A
disjunction led us to the correct result.

The first attribute extraction that failed completely (Attribute 6), failed because the generated
PDS tree had no sound or complete PDS extractor for it. When we properly extended the delimiters
tree used, sound and complete PDS extractors were generated in the PDS tree and guiders were
able to find it. For the case of Attribute 45, by using three distinct PDS extractors combined by
disjunction, we successfully extracted the attribute values. For the two remaining cases (Attributes
41 and 46), the context was ambiguous and could not be described by a regular grammar such as
the one used by PDS extractors.

8 Related Work

In the recent literature, a number of works on the generation of wrappers for Web data sources
have been presented. A brief survey of these works can be found in [12].

Kushmerick et. al. [10] were the first to present formally the wrapper induction problem. Since
then, several works [4, 11] tried to present specific wrapper induction systems for semistructured
Web data extraction. Finally, [3] proposed an extensible architecture for creating wrapper induc-
tion systems.

SoftMealy [8], by Hsu et. al,. uses finite-state transducers (FST) for learning extractors. Their
induction technique does not directly compare to our work, since we only deal with single at-
tributes. Contextual rules, that constitute the edges connecting the FST states, are analogous to
our PDS. SoftMealy relies on set-covering techniques to induce such rules. Our approach, based
on guiders, is more flexible, still allowing to use the same techniques. SoftMealy is, however, more
powerful in some cases. This is because contextual rules are reinforced by the current state infor-
mation provided by the FST itself. To achieve the same level of expressiveness, we would need
to extend the PDS extraction language to allow loops at a given slot, and null slots. With this
change, our framework would provide a functionality closer to SoftMealy.

RoadRunner [4], by Crescenzi et. al., is a wrapper generation system targeted to HTML pages.
It also has a fixed extraction language and fixed wrapper induction techniques. The main appeal
of this tool is that it is able to automatically generate a Wrapper based only on a set of given
sample pages. No user-provided examples are needed. On the contrary, our framework is based on
examples. Indeed, relying on examples is considered safer in many situations [12]. However, we
could use an automatic tool to provide the examples, such as [7]. Once more, our PDS extractor
cannot cover all cases where is possible to generate a RoadRunner extractor. The same extensions
to the language needed to reach SoftMealy expressiveness could be used to equalize both tools.
The wrapper induction techniques used in RoadRunner could be reproduced by a guider taking
as parameter additional sample pages. The HTML tree guider we have implemented introduces a
few of the RoadRunner biases.

Stalker [14], by Muslea et. al., is a wrapper induction systems that uses landscape automata, a
type of attribute extractor similar to PDS. It has a very powerful extraction language, and a fixed
extractor inducing approach. Different from most works, Stalker heavily relies on disjunctions, that
is, distinct extractors to deal with different partitions of the set of an attribute values in the target
page. While it would be hard to change our framework to cover all extractors that can be created by
Stalker, the same modifications proposed above could take PDS very near to Stalker’s extraction
language. Our framework do not support disjunction directly. In order to emulate Stalker bias, the
application implementing the framework should introduce a guider that identifies the need of a
disjunction, and then give the examples belonging to each partition separately to the framework,
restarting the extractor inducing cycle.



To the best our knowledge, from the works in the literature, the Structured Wrapper Induction
System [3] by Cohen et. al. is the one that most resembles our framework in terms of flexibility.
Cohen relies on a single learning system and builders to define the bias of the system. Builders
are analogous to our guiders, but they define extraction languages and are combined through
specially hand-crafted functions, complying to a pre-defined interface. Our framework has a fixed
extraction language, and guiders are combined either automatically, or through confidence levels
definitions. This system can be tuned to work at very different targets, but requires a high effort
and some expertise in the field in order to do so. We try to make guider construction a very simple
task, and provides the possibility of applications automatically tuning their combination. While
the Structured Wrapper Induction System is targeted at experts providing fast wrapper solutions,
our framework is targeted at developers of wrapper induction systems for non-expert users.

From the above comparisons, we could see that the inherent extraction language of PDS is not
the most powerful available. Its advantage is that it permits simple and efficient learning. More
complex languages requires more complex learning systems. We chose to create good wrappers
for a limited language. Further, the experimental results showed that a properly constructed PDS
extractor is as good as any other extractor.

9 Conclusions and Future Work

We have presented an extensible framework for generating attribute extractors. The main appeal
of this framework is that it can be adapted for dealing with specific types of data sources and to
incorporate distinct types of heuristics for achieving good extraction performance. We have also
demonstrated the feasibility of this proposal by implementing the framework along with a number
of guiders that encapsulate simple heuristics to deal with Web pages. Experimental results we
have presented demonstrate the effectiveness of the implemented framework with several typical
Web data sources.

We recall that the main goal of our framework is to generate attribute extractors to be used by
wrappers in the the extraction of atomic attribute values. The problem of grouping these values
to compose complex objects is not addressed by our framework. It is the main subject of works
such as [5] and [9].

In comparison to other wrapper generation systems, our framework can be considered one
that requires low effort for customization. Empirical observation showed that: (1) the underlying
PDS extraction language is expressive enough to address the majority of extractors needed; (2)
guiders are able to introduce most of the biases or heuristics wrapper induction systems needs.
Our framework takes these observations into account, and let as the only tasks for developers
creating a delimiters tree that exploits the target document class structure and writing appropriate
guiders to produce high quality extractors. The experimental results showed that a very simple
implementation of the framework, with no special tuning, disjunction or user feedback was able
to produce results comparable to those found in the related works, with very few examples.

The performance of the framework was not the main concern for the reference implementation,
but still we achieved good results. The extractions sessions usually occur in small pages, and takes
no more than a second in a standard desktop machine. Extraction from large repositories usually
takes longer because of the cost of the tokenization process. For instance, extracting the City from
the Bigbook Web source from a 3 MB page set took about 31 seconds. This can be considered
as satisfactory, since the tokenization takes place just once for several attribute extractions. This
result could be prohibitive for online systems, but they usually deal with small repositories. All
processes in the framework have linear cost.

As future work, we intend to build a full-featured application that dynamically customizes the
framework, and also let the user make manual customizations. Even an automatically delimiters
tree generation seems possible, and we will try to accomplish this task. We intend to use these
results in the next version of the DEByE Tool [11].

Finally, to verify the applicability of our framework for different document classes, we intend
to build a delimiters tree and a set of guiders for extracting information from Postscript files. The



main application would be to extract bibliographical information, abstracts and section titles from
scientific articles available in this format.
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