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Abstract. This paper presents an approach for applying inductive logic
programming to information extraction from HTML documents struc-
tured as unranked ordered trees. We consider information extraction
from Web resources that are abstracted as providing sets of tuples. Our
approach is based on defining a new class of wrappers as a special class
of logic programs – logic wrappers. The approach is demonstrated with
examples and experimental results in the area of collecting product infor-
mation, highlighting the advantages and the limitations of the method.

1 Introduction

The Web was designed for human consumption rather than machine processing.
This hinders the task of extracting useful information from it. Therefore the
problem of automating information extraction (IE hereafter) from the Web has
received a lot of attention in the last years ([1, 3, 6, 4, 11, 9]).

This paper deals with automating IE from HTML documents using inductive
logic programming (ILP hereafter). IE is concerned with locating specific pieces
of information in text documents including HTML and XML. A program that
is actually used for performing the IE task is called a wrapper ([7]). ILP studies
learning from examples within the framework provided by clausal logic.

IE from HTML uses two document models: a linear or string-based model
and a tree-based model. It is appreciated that tree-based wrappers are more
expressive than string-based wrappers ([11, 9]). In our work we consider HTML
documents modeled as unranked ordered trees. IE approaches that adopted tree-
based models were also reported in [6, 11, 3]. Recently, [9] proposed the combi-
nation of string and tree wrappers to yield more powerful wrappers.

The paper is a follow-up of our previous work reported in [1, 2]. In [1] we
presented a methodology and experimental results on applying ILP to IE from
HTML documents that represent printer information. The task was to extract
single fields. In [2] we enhanced the original approach by enriching the target
document representation and using an explicit set of negative examples, rather
that treating all non-positive examples as negative examples.



In this paper we adopt a relational data model of the information resources
and we are focusing on the task of tuples extraction. Many Web resources can be
abstracted in this way, including: search engines result pages, product catalogues,
news sites, product information sheets, a.o. Their content is presented to the
human user as HTML documents formatted using HTML tables or lists. We
consider two problems: extracting tuples from a rectangular table and extracting
tuples from a nested table with the imformation organized hierarchically.

Our paper is structured as follows. Section 2 contains some background on IE,
tree-based document representations using logic programming and ILP. Section
3 contains a discussion of the problems addressed in our experiments and some
experimental results. Section 4 concludes and points to future work.

2 Background

This section contains background on: IE, relational representation of XHTML
documents, logic wrappers and the use of ILP for IE. More details are in [1].

2.1 The IE Process

We propose a generic IE process structured into the following sequence of stages:
i) Collect HTML pages of interest using Web browsing and crawling and down-
load them to a local repository; ii) Preprocess and convert the documents from
HTML to XHTML; iii) Manually extract a few items and annotate accordingly
the XHTML documents; iv) Parse the annotated XHTML documents and gen-
erate the input for the learner; v) Apply the learning algorithm and obtain the
wrapper; vii) Compile the wrapper to an XML query language; viii) Apply the
wrapper to extract new information from other documents.

Note that this IE process is parameterized according to the following dimen-
sions: number of documents used for manual IE (stage iii), the learning technique
(stages iv and v) and the IE engine (stages vii and viii).

2.2 L-Wrappers for IE from HTML

The idea of representing documents and wrappers using logic programming is
not entirely new ([4, 5, 8, 12]). All of these approaches assume that the target
document is represented as a list of tokens with features. We propose a relational
representation of an XHTML document seen as an unranked ordered tree.

The structure of an XHTML document consists of a set of document nodes
that are nested in a tree like structure. Each node has assigned a specific tag
from a given finite set of tags Σ. There is a special tag text ∈ Σ that designates
a text node.

The content of an XHTML document consists of the actual text in the text
elements and the attribute-value pairs attached to the other document elements.

We assign a unique identifier (an integer) to each node of the document tree.
Let N be the set of all node identifiers.



The structure of an XHTML document is represented using three relations:
i) child ⊆ N ×N , (child(P,C) = true) ⇔ (P is the parent of C).
ii) next ⊆ N ×N , (next(L,N) = true) ⇔ (L is the left sibling of N).
iii) tag ⊆ N × Σ, (tag(N,T ) = true) ⇔ (T is the tag of node N).
We introduce two sets to represent the content component of an XHTML

document tree: the set S of content elements, which are the strings attached to
text nodes and the values assigned to attributes, and the set A of attributes.
The content of an XHTML document is then represented using two relations:

i) content ⊆ N × S, (content(N,S) = true) ⇔ (S is the string contained by
the text node N).

ii) attribute value ⊆ N ×A× S, (attribute value(N,A, S) = true) ⇔ (S is
the string value of the attribute A of the node N).

Based on our experimental results reported in [2], we found useful to enhance
the representation of the document structure with two new relations:

i) first ⊆ N , (first(X) = true) ⇔ (X is the first child of its parent node).
ii) last ⊆ N , (last(X) = true) ⇔ (X is the last child of its parent node).
This representation allows the definition of L-wrappers (i.e. logic wrappers).

Definition 1. (L-wrapper) An L-wrapper is a logic program defining a relation
extract(N1, . . . , Nk) ⊆ N × . . .×N . For each clause, the head is extract(N1, . . . ,

Nk) and the body is a conjunction of literals in a set R of relations.

Every tuple of relation extract is extracted by the wrapper. Note that relation
content is used to find the content of the extracted tuples. attribute value could
also be used in the clause bodies to check additional constraints on attributes of
extracted nodes. Note also that in our case R = {child, next, tag, first, last}.

The manual writing of L-wrappers is a tedious and error-prone process re-
quiring a careful analysis of the target document. Fortunately, it is possible to
learn L-wrappers with a general purpose learning program.

2.3 Learning L-Wrappers Using ILP

ILP is a combination of inductive machine learning with representation of the-
ories as logic programs. In our experiments we have used FOIL – First Order
Inductive Learner, an ILP program developed by J. R. Quinlan at the beginning
of the ’90s ([10]). In what follows we assume that the reader has some familiarity
with FOIL. For a detailed description see [10].

We mapped our training data as input for FOIL. We assumed that in the
training stage the user selects a single training document and performs a few
extraction tasks on it. FOIL’s input is split in three parts:

i) The definition of the relations arguments types. We used a single type that
represents the set N of all the nodes found in the training document.

ii) The extensional definition of the target relation extract. The positive
examples are the tuples manually extracted by the user. If negative examples are
not provided explicitly then they are automatically generated by FOIL using the
closed world assumption (i.e. all the other tuples that are not postive examples).



Fig. 1. An XHTML document fragment and its graphic view

iii) The extensional definitions of the background relations child, next, tag,
first and last. For convenience, we have replaced the relation tag with a set of
relations rσ, for all σ ∈ Σ, defined as rσ = {N |tag(N,σ) = true}.

3 Experiments and Discussion

We performed experiments of learning L-wrappers for extracting printer infor-
mation from Hewlett Packard’s Web site. The information is represented in two
column HTML tables (see figure 1). Each row contains a pair (feature name,
feature value). Consecutive rows represent related features and are grouped in
feature classes. For example there is a row with the feature name ’Print technol-
ogy’ and the feature value ’HP Thermal Inkjet’. This row has the feature class
’Print quality/technology’. So actually this table contains triples (feature class,
feature name, feature value). Some triples may have identical feature classes.

In what follows we consider two experiments: i) tuples extraction from flat
information resources, examplifying with pairs (feature name, feature value); ii)
coping with hierarchical information by extracting pairs (feature class, feature
name). We have used the same test data as in [1], only the learning tasks were
changed. We used examples from a single training document with 28 tuples.

3.1 Tuples Extraction from Flat Information Resources

We performed an experiment of learning to extract the tuples containing the
feature name and feature value from HP printer information sheets. The exper-
imental results are reported in table 1, row 1.

Because the number of tuples excedes the size of FOIL’s default tuple space,
we explicitly set this size to a higher value (300000) and we used a random
sample representing a fraction of the negative examples in the learning process.



Table 1. Experiments with tuples extraction

Ex.no. No.pos.ex Frac.neg.ex Prec. Rec. No.lit.

1 24, 28 20 % 0.959 1 14
2 24, 28 20 % 1 1 15

The L-wrapper learnt consisted of a single clause:
extract(A, B)← tag(A, text) ∧ tag(B, text) ∧ child(C, A) ∧ child(D, B)∧

child(E, C) ∧ child(F, E) ∧ child(G, D) ∧ child(H, G) ∧ child(I, F )∧
child(J, I) ∧ next(J, K) ∧ first(J) ∧ child(K, L) ∧ child(L, H).

This rule extracts all the pairs of text nodes such that the grand-grand-
grand-grandparent of the first node (J) is the first child of its parent node and
the left sibling of the grand-grand-grand-grandparent of the second node (K).

3.2 Tuples Extraction from Hierarchical Information Resources

The idea of modeling nested documents using a relational approach and building
wrappers accordingly to this model is not entirely new; see [7].

In this section we present an experiment of learning to extract pairs (feature
class, feature name) from printer information sheets. Note that because we may
have many features in the same class, the information is hierarchically structured.
The experimental results are reported in table 1, row 2.

The L-wrapper learnt consisted of a single clause:
extract(A, B)← child(C, A) ∧ child(D, B) ∧ tag(C, span) ∧ child(E, C)∧

child(F, E) ∧ next(F, G) ∧ child(H, G) ∧ last(E) ∧ child(I, D) ∧ child(J, I)∧

child(K, J) ∧ child(L, K) ∧ next(L, M) ∧ child(N, M) ∧ child(H, N).

There is one difference from the flat case – how examples are collected. In
this case, some examples will share the feature class. Moreover, in the general
case, some fields will need to be selected repeatedly during the manual extraction
process (like the feature class in the printer example). This can be avoided by
designing the graphical user interface that guides the example selection such that
the tuple previously selected is always saved and thus its fields may be reused
in the next selection.

3.3 Discussion

In our experiments we used the closed world assumption to generate the negative
examples. This means that each tuple not given as positive example, automat-
ically counts as negative example. Let d be the size of the training document
(i.e. the number of nodes) and let k be the tuple arity. The number of negative
examples is proportional with dk, i.e. it is exponential in the tuple arity. For
example, our documents had about 1000 nodes. This means that for tuples of
arity 3, the total number of negative examples is about 109.

For this reason we had problems with learning to extract tuples of arity
greater than 2. Because the number of negative examples exceded the memory
available, we were forced to use for learning a random sample representing a very



small fraction (less than 0.1 %) of the total number of the negative examples.
This had the effect of producing wrappers with a very low precision.

4 Conclusions

In this paper we have shown the advantages and limitations of applying ILP
to learn L-wrappers for tuple extraction from HTML documents structured as
trees. As future work we have in mind the investigation of the possibility to
automatically translate our L-wrappers to an XML query language and to find
clever methods to reduce the number of negative examples needed.
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