
Chapter 2
Related Work

Abstract In the literature, different approaches have been proposed to address the
problem of extracting valuable data from the Web. In this chapter is presented an
overview of such approaches. It begins by presenting a broad set of Web extraction
methods and tools. Following a taxonomy previously used in the literature (Laender
et al. 2002), they are divided into distinct groups according to their main approach.
These groups are: Languages for Wrapper Development, Wrapper Induction Meth-
ods, NLP-based Methods, Ontology-based Methods, and HTML-aware Methods.
Next, it is specifically presented probabilistic graph-based methods, supervised and
unsupervised, and discusses their main characteristics in comparison to the unsuper-
vised approach presented in this book.

Keywords Information extraction · Wrappers · NLP · HTML · Probabilistic
methods · CRF

2.1 Web Extraction Methods and Tools

By the early 2000s, several tools and methods had been discussed in the literature
for extracting valuable data from the Web. A survey on this early work is presented
in Laender et al. (2002), where the authors proposed a taxonomy for grouping dif-
ferent Web extraction methods and tools based on the main approach used by each
method. Here, the same taxonomy was adopted. In what follows, is described the
main characteristics of the methods and tools belonging to each group.

2.1.1 Languages for Wrapper Development

One of the first initiatives for addressing the problem of extracting valuable data
from the Web was the use of specialized programs able to identify data of interest
and map them to some suitable format as, for instance, XML or relational tables.
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These programs are called wrappers. Different languages were specially designed to
assist users in developing wrappers. Such languages were proposed as alternatives to
general purpose languages such as Perl and Java, which were prevalent at that time
for this task.

Some of the best known tools that adopt this approach are Minerva (Crescenzi
and Mecca 1998), TSIMMIS (Hammer et al. 1997), and Web-OQL (Arocena and
Mendelzon 1998). Although such languages provide effective approaches for wrap-
per generation, their main drawback is that they required manual wrapper devel-
opment. Due to such a limitation, efforts have been made to automate the wrapper
generation process.

2.1.2 Wrapper Induction Methods

There were also efforts to use machine-learning techniques to semi-automatically
induce wrappers (Hsu and Dung 1998; Kushmerick 2000; Muslea et al. 2001). In
general, these approaches consist of using training examples to generate automata
that recognize instances in contexts similar to the ones of the given examples.

The approach proposed by Kushmerick (2000) and adopted in the WEIN system
relies on examples from the source to be wrapped. The main drawbacks of this work
are: (1) it does not deal with missing or out-of-order components and (2) although it
identifies the need for extraction of complex objects present in nested structures, the
solution provided is computationally intractable and has not been implemented.

These two features of semi-structured data extraction are addressed in SoftMealy
(Hsu and Dung 1998) and Stalker (Muslea et al. 2001). Both systems also generate
wrappers, generalizing the given examples through machine-learning techniques,
and are very effective in wrapping several types of Web pages. The main problem
with SoftMealy is that every possible absence of a component and every different
ordering of the components must be represented beforehand by an example. Stalker
(Muslea et al. 2001) can deal with such variations in a much more flexible way since
each object component is extracted independently through a top-down decomposition
procedure.

The main drawback to all these approaches is that the extraction process relies
on the knowledge of the structure of HTML pages. In WEIN and SoftMealy, for
example, pages are assumed to have a defined structure (e.g., a head, then a body
with a set of tuples, and then a tail) that must be flat. This prevents the exclusive
extraction of the objects (or subobjects) of interest and might generate extraction
difficulties if unwanted text portions (such as advertisements) occur between tuples
or tuple components in the page body. In Stalker, the extraction of nested objects is
possible but the approach also relies on a previous description of the entire source
page.
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2.1.3 NLP-Based Methods

Besides wrapper induction, there were other approaches for learning extraction pat-
terns that were more suitable for extracting data from semi-structured texts such
as newspaper classified advertisements, seminar announcements, and job posting,
which present grammatical elements. In general, these approaches use techniques
typical of Natural Language Processing (i.e., semantic class, part-of-the-speech tag-
ging, etc.) sometimes combined with the recognition of syntactic elements (delim-
iters). This is the case of Rapier (Mooney 1999) and SRV (Freitag and McCallum
2000). WHISK (Soderland 1999) goes beyond and addresses a large spectrum of
types of documents ranging from rigidly formatted to free text. For formatted text,
this system has a behavior that is closer to wrapper induction systems like WEIN
(Kushmerick 2000).

Recently, several new methods that also explore Natural Language Processing
techniques have been proposed to deal with the Open Information Extraction (Etzioni
et al. 2008) problem. In this context, the goal is to perform Web scale extraction
from all types of textual documents available on the Web. The system makes a single
data-driven pass over its dataset and extracts a large set of relational tuples without
requiring any human input. Banko et al. (2007, 2009) introduced a system called
TEXTRUNNER, an open information extraction system that is able to extract tuples
from large datasets and also allow their exploration via user queries. Different from
the presented unsupervised approach, these open information extraction approaches
rely heavily on linguistic information requiring the presence of grammatical ele-
ments.

2.1.4 Ontology-Based Methods

An ontology-based approach to extracting data from Web sources was proposed
by Embley et al. (1999a). This approach uses a semantic data model to provide an
ontology that describes the data of interest, including relationships, lexical appear-
ances, 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 (Embley et al. 1999b).
Then, the extraction process proceeds from the set of records extracted. Not only
does this approach require the user to provide a conceptual description of the data
to be extracted, but relies mainly on the expected contents of the pages, which is
anticipated by the prespecified ontology. Further, this approach requires a specialist
to build the ontology using a notation specially designed for this task.
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2.1.5 HTML-Aware Methods

Crescenzi et al. (2001) proposed RoadRunner, a method that heavily explores the
inherent features of HTML documents to automatically generate wrappers. Road-
Runner works by comparing the HTML structure of two (or more) given sample
pages belonging to a same “page class,” generating as a result a schema for the
data contained in the pages. To accurately capture all possible structural variations
occurring on pages of a same page class, it is possible to provide more than two
sample pages. The extraction process is based on an algorithm that compares the tag
structure of the sample pages and generates regular expressions that handle structural
mismatches found between the two structures. It should be noted that the process
is fully automatic and no user intervention is required, a feature that was unique to
RoadRunner by that time. Although very effective, RoadRunner relies on specific
HTML features to uncover the structure of the objects to be extracted. In such cases,
fully automated tools tend to make a lot of misinterpretations, in the sense that they
can extract several unwanted data.

There are also methods that rely on the representation of the HTML documents
as DOM trees. Reis et al. (2004) and Dalvi et al. (2009) propose techniques based
on tree edit distance to perform the extraction task. In Zhao et al. (2005) the authors
propose the use of both the visual content of the HTML pages as displayed on a
browser and the HTML DOM tree to perform the extraction.

More recently, a set of methods has been proposed for detecting and extracting
information available on HTML tables. A system that is able to explore tabular
information available within HTML pages is described by Cafarella et al. (2008).
For this, the Webtables system relies on the HTML markup to automatically detect
the occurrence of tables and then extract attribute-value pairs. Following the same
idea of exploring HTML structures, such as tables and lists, Elmeleegy et al. (2009)
propose a technique that is able to not only extract information from HTML tables,
but also lists, thus combining HTML markup characteristics with string alignment.

As it can be noticed, all of these approaches rely on the regularity of HTML
documents and depend heavily on the HTML tags (document structure) to extract
information of interest. In some cases, this assigned to these approaches good extrac-
tion results, however, precludes their usage in a large number of textual sources that
are available on the Web. As seen in Fig. 1.1, the scenario that information extrac-
tion approaches faces nowadays includes textual sources in different formats and
styles, and more specifically, free texts without any tag to explicitly indicate data of
interest. In order to deal with these general textual sources the use of probabilistic
graph-based approaches has been proposed, as described below.

http://dx.doi.org/10.1007/978-3-319-02597-1_1
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2.2 Probabilistic Graph-Based Methods

Due to limitations of the extraction methods that are based on the HTML structure
of Web pages, new methods, based on probabilistic graph-based approaches such
as Hidden Markov Models (HMM) and Conditional Random Fields (CRF), were
created to tackle the problem of extracting valuable data from textual sources. A fairly
common approach to solve this problem is the use of machine-learning techniques,
either supervised, i.e., with human-driven training, or unsupervised, i.e., with training
provided by some form of pre-existing data source.

2.2.1 Supervised Probabilistic Graph-Based Methods

One of the first approaches in the literature addressing the extraction problem with a
probabilistic graph-based approach was proposed by Freitag and McCallum (2000). It
consisted in generating independent Hidden Markov Models (HMM) for recognizing
values of each attribute. This approach was extended in the DATAMOLD tool (Borkar
et al. 2001), in which attribute-driven (or internal) HMM are nested as states of
external HMM. These external HMM aim at modeling the sequencing of attribute
values on the implicit records. Internal and external HMM are manually trained with
user-labeled text segments. Experiments over two real-life datasets yielded very good
results in terms of the accuracy of the extraction process.

Later, Conditional Random Fields (CRF) models were proposed as an alternative
to HMM for the extraction of valuable information from text (Lafferty et al. 2001).
In comparison with HMM, CRF models are suitable for modeling problems in which
state transitions and emissions probabilities may vary across hidden states, depending
on the input sequence. Peng and McCallum (2006) proposed a supervised method
for extracting bibliographic data from research papers based on CRF that showed
good results in the experimental evaluation they conducted.

Kristjansson et al. (2004) also proposed the use of CRF to the task of filling Web
forms with values available in unstructured texts. In this context, it is needed to
extract valuable data from these texts and submit them to a predefined Web form
with different form fields. Their interactive information extraction system assists the
user in filling in form fields while giving the user confidence in the integrity of the
data. The user is presented with an interactive interface that allows both the rapid
verification of automatic field assignments and the correction of errors.

Although effective, these supervised information extraction approaches based on
graphical models, such as HMM and CRF, usually require users to label a large
amount of training input documents. There are cases in which training data is hard to
obtain, particularly when a large number of training instances is necessary to cover
several features of the test data.
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2.2.2 Unsupervised Probabilistic Graph-Based Methods

To address the problem of requiring large amounts of manually created training
sets, recent approaches presented in the literature propose the use of pre-existing
data for easing the training process (Agichtein and Ganti 2004; Cortez et al. 2007;
Mansuri and Sarawagi 2006; Zhao et al. 2008). These approaches take advantage of
the existence of large amounts of structured datasets that can be used with little or
no user effort.

According to the strategy of relying on pre-existing data, models for recogniz-
ing values of an attribute are generated from values of this attribute occurring in a
dataset previously available. Mansuri and Sarawagi (2006) proposed a method based
on Conditional Random Fields to extract valuable data from unstructured textual
portions. The proposed method relies on pre-existing data to learn content-based
features and hand-labeled training sets to learn structure-related features.

Agichtein and Ganti (2004) and Zhao et al. (2008) proposed methods that are able
to train a model relying only on a pre-existing dataset and, then, use it for recognizing
values of attributes among segments of the input string. No manually labeled training
input strings are required for this. Once attribute values are recognized, records can
be extracted. These methods assume that attributes values in the input text follow
a single global order, which is learned from a sample batch of the test instances.
The difference between the methods proposed by Agichtein and Ganti and the one
proposed by Zhao et al. is that the first relies on Hidden Markov Models and the
second relies on Conditional Random Fields. Despite this, both follow the same
assumptions regarding a global attribute order in the input text.

The main difference between the presented approach and the ones presented by
Agichtein and Ganti, Mansuri and Sarawagi, and Zhao et al., is the way that structure-
related features (Sarawagi 2008) are learned. In the presented unsupervised approach
these features, when necessary, are captured by a specific model, which, as demon-
strated in the experiments, is flexible enough to assimilate and represent variations
in the order of attributes in the input texts and can be learned without user-provided
training. The methods proposed by Agichtein and Ganti (2004) and Zhao et al. (2008)
are also capable of automatically learning structure-related features, but they cannot
handle distinct orderings on the input, since they assume a single total order for the
input texts. These make the application of these methods difficult to a range of prac-
tical situations. Thus, in practical applications, the presented unsupervised approach
can be seen as the best alternative. The method proposed in Mansuri and Sarawagi
(2006) can handle distinct ordering, but user-provided training is needed to learn
the structure-related features, similar to what happens with the standard supervised
CRF model, thus increasing the user dependency and the cost to apply the method
in several practical situations.

A similar strategy is used by Chuang et al. (2007). However, when extracting
data from a source in a given domain, this approach may take advantage not only
from pre-existing datasets, but also from other sources containing data on the same
domain, which is extracted simultaneously from all sources using a two-state HMM
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for each attribute. Record extraction is addressed in an unsupervised way by aligning
records from the sources being extracted.

FLUX-CiM (Cortez et al. 2007, 2009) is an unsupervised approach for extracting
metadata from bibliographic citations that rely on the same ideas adopted by the unsu-
pervised approach presented here. While FLUX-CiM also relies on content-based
features learned from pre-existing data, it uses a set of domain-specific heuristics
based on assumptions regarding bibliographic metadata to perform the extraction
task. This includes the use of punctuation as attribute value delimiters, the occur-
rence of single values for attributes other than author names, etc. Thus, the presented
unsupervised approach can be seen as a generalization of FLUX-CiM.

Michelson and Knoblock (2007) presented an unsupervised approach to exploit
pre-existing data for extraction. To accomplish this, initially the user has to specify
a large repository with distinct sets of pre-existing data. Once this repository is
chosen, using simple vector-space model similarities between the input text and the
available sets of pre-existing data, the system automatically finds the most suitable
set for the given extraction task. Now that a set of pre-existing data was chosen, the
system relies on predefined string distance metrics such as Jaro-Winkler and Smith-
Waterman, and fine-tuned thresholds to perform the extraction of valuable data. This
work differs from the presented unsupervised approach in the sense that it relies on the
use of predefined string similarity functions other than content-based features based
on vocabulary. Moreover, the proposed system requires the availability of large pre-
existing datasets in order to perform the extraction task. In the unsupervised approach
presented here, this is alleviated since, when possible, it is able to automatically
induce structure-related features from content-based features, helping the extraction
process.

In order to support these unsupervised extraction methods that have been recently
proposed in the literature, Chiang et al. (2012) developed a system called AutoDict
that is able to automatically discover dictionaries to support unsupervised probabilis-
tic graph-based methods. Moreover, Serra et al. (2011) show that Wikipedia can be
used to support information extraction methods. Thus, these works show that it is
feasible to acquire pre-existing structured datasets in order to create unsupervised
extraction methods.
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