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Abstract— In this paper we present an approach based on
a corpus to automatically obtain an extract of a text. Our
proposal is an inexpensive method that takes into account the
semantic content of texts and uses a raw corpus as the only
linguistic resource. The method is supported by the idea of
sense relationships associated to a word. This method obtains
the most representative sentences from a text. Such sentences
were independently evaluated by four judges. The method’s
performance with respect to human judgment encourages the
continuous development of this approach in order to carry out
the text extraction task.
Keywords: summarization, sentence extraction, corpus-based
approach.

II. SENSE RELATIONSHIP
In this paper we are proposing an inexpensive method that
takes into account the semantic content of texts. The method
is supported by the idea of sense relationships attached to a
word[6]. Certainly, we use an approximation to sense relationships because we are using no more linguistics resources other
than a corpus. In literature there have been works that analyze
the sense relationships of a word such as the first-order terms
[7] (terms that co-occur in the context of the word) and some
very successful applications as the thesauri construction [8],
[9], [10]. A further statement on the sense relationship appears
in [11] where the nominal phrase is analyzed.

I. INTRODUCTION
The disproportion between the growth of textual information
online and the tools for exploiting it entails the necessity to
look for new methods that deal with the representation of
and access to high volumes of text. To solve this problem
several, approaches have been developed such as information
extraction, which a way to provide structure to the content
of a text. Summarization is perhaps a technique that may
help other techniques because, in some cases, it makes the
manual analysis possible. For summarization, it is therefore
necessary to obtain high precision and availability in different
domains. There are many methods about summarization, such
as methods that use cue words [1], methods that are supported
by the structure and indicators [2], and methods that are
based on IR techniques [3], [4] or machine learning [5].
Such methods face a dilemma: to go through an expensive
linguistic resource and thus take advantage of the semantic
content of a text, or to go through some type of heuristics
whose performance has been tested in certain contexts (such
as Information Retrieval). In the automatic text summarization
process, it is important to identify the sentences that may
be used to generate the corresponding abstract, namely the
extract. In the present work, we deal with the extraction
process, taking the most representative sentences of a source
text.
The following section presents some works related to our
approach. How the method works and the performed test are
explained in Section III and Section IV, respectively. At the
end, we provide the conclusion of this work.
This work was partially supported by CoNaCyT grant Nr. I39186A and
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III. USING SENSES ON SENTENCE EXTRACTION
D. Marcu [12] proposed a method to compare the abstract
of a paper with some sentences of the source text using a
similarity function. We follow this method in part; the main
differences are that Marcu’s method does not use a corpus and
that it starts from pairs abstract-text. We used the contexts of
a word extracted from a corpus to represent , specifically
the sentences as contexts. Our approach is simple: first, we
represent each one of the sentences with the first-order terms of
its components (words). Then, we find the similarity between a
sentence and the whole text except by  (the complement of  ).
The more similarity between a sentence  and its complement,
the more representative is  of the text.
In order to obtain the extract of a text automatically, the
system we developed executes three steps: preprocessing, text
representation and text extraction, which are described in the
following subsections.

III.1. Preprocessing
The preprocessing stage is applied over both the input-text
and the corpus-used  . The goal of this stage is to identify
every sentence that makes up the text and its stemmed words.
The algorithm is simple and does every one of the next four
steps sequentially:
1) Tokens identification.
2) Stopwords elimination.



Subject
Justice
Culture
Politics
Society
Government
Science
Technology
Religion
Economy

3) Stemming.
4) Sentence segmentation.

After applying every step to the text as well as to the corpus,


the text obtained is called
and  respectively.

III.2. Text Representation

Num. of Docs
10
7
25
23
9
11
1
2
8

%
10.40
7.30
26.00
24.00
9.40
11.50
1.00
2.10
8.30

TABLE I

The vocabulary of a text is the entire body of words that
appears in that text. The sense-based representation of a word
entails considering a corpus that provides the contexts of .
To each word of vocabulary  , we associate all the context of
the corpus where the word occurs. Thus  may be expressed
by:
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Doc
1
2
3
4
5
6
7
8
9
10

Size(Kb)
4.4
4.7
9.3
8.4
3.8
4.5
4.5
2.5
5.2
6.1

(2)

Subject
Economy
Culture
Justice
Politics
Society
Society
Culture
Economy
Justice
Politics

Words
673
614
1,379
1,223
537
646
644
347
731
802

Sentences
25
25
50
49
19
25
25
16
26
21

TABLE II
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The algorithm that does text representation is in 9:-; , where
; is the number of words of the text to be extracted.

as well as the experimental results used to check the performance of our proposal.

IV.1. Corpus
III.3. Text Extraction
This module uses
 a similarity function in order to sort every
sentence (< from ' in decreasing order, based on its similarity

with the same text ' . The similarity function used here is a
simplification of the Jaccard similarity function:

The gathered corpus is composed by 96 processed documents, related to the following subjects: politics, education,
religion, economy, justice, culture, government, society, science and technology. The vocabulary has 22,201 stemmed
terms and 4,294 sentences. Certainly, we could have taken a
corpus of a determined domain; however in this experiment we
wanted to know the behavior of the representation in general,
as well the influence of a heterogeneous corpus in this task.
The percentage of every subject as well as the number of
documents by subject can be seen in Table I.

= >@? - < (A < BDCE% <GF A <  
(5)


where A < is the complement of  < in ' (i.e. ' without  < ).

If ' is the tuple % <  < , the ranking of sentences is performed
by
+H =IKJKL = >@?
 


% < +A <  <  
(6)
 H
Thus,
is composed by the original sentences sorted by its IV.2. Dataset
'
similarity score. The complexity of this procedure is in 9:M  ,
In order to verify
where M is the number of sentences represented by its sense
relationships. In our test we used an arbitrary threshold of 5
to select the most representative sentences of the text.

IV. EXPERIMENTS
In our experiments, we used a corpus to determine sense
relationships of terms. The corpus has defined subjects that
allows us to approximately determine the sense relationships.
The gathered corpus and the dataset used are described below

the performance of the algorithm, we
used ten documents with different subjects, all of which were
related to the subjects used at the corpus. A better description
of every document is given in Table II.

IV.3. Experimental Results
Every document of the dataset was given to four judges, so
that they could dictate a judgment regarding the most representative sentences. The task of the judges was to read each

Subject
Culture
Economy
Justice
Politics
Society

Hard Criterion
0.44
0.48
0.16
0.60
0.64

Soft Criterion
0.64
0.57
0.33
0.68
0.80

TABLE III
AVERAGE EVALUATION BY

SUBJECT.

document and select the five most representative sentences
of each one. From the sentences selected by the judges, we
considered the two top sentences as Very Representative (VR),
the following two sentences as Representative (R) and the last
one sentence as Sufficiently Representative (SR). As a result,
we have defined three classes: VR, R and SR.
We used two criteria called “hard” and “soft” criteria, they
are defined as follows:
Hard criterion:
The hard criterion assigns a value of 1 if the system’s
and the judge’s sentences fall in the same class.
Soft criterion:
The hard criterion assigns a value of 1 if the system’s
and the judge’s sentences fall in the same class. Furthermore, if the system’s and the judge’s judgments
are on close neighbor classes (VR and R or R and
SR), the value was 2/3; for far neighbor classes it
was 1/3 (VR and SR).
The soft criterion was inspired by the difficulty humans have
regarding the process of classifying objects into different
categories.
Answers given by the algorithm were compared with the
judgment of every judge using hard and soft criteria; the
accuracy of these results are shown in Table III.

V. SUMMARY AND FUTURE WORK
We have presented a method to obtain the most representative sentences from a text. These sentences were independently
evaluated by four judges. The results obtained were similar to
what we had expected. It was possible to observe that the
higher percentage of results was obtained with the subjects
that also have the higher percentage in the corpus (politics and
society). In spite of the small corpus used here, the results of
the system, compared with the judgments, encourage the use
of sense-based representation.
We are planning to compare this method with other methods
such as the IR-based method, like [3]. Furthermore, it would
be interesting to compare a set of indexes of a document to
the words that appear in the selected sentences that provide
this method. In addition, we think it is convenient to represent
one more semantic unit as nominal phrases instead of only as
words [11]. Finally, we would like to analyze the behavior of
the method with different corpora of a single domain.
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