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Abstract. Improvement in the accuracy of identifying the correct word
sense (WSD) will give better results for many natural language process-
ing tasks. In this paper, we present a new approach using WSD as an aid
for Text Categorization (TC). This approach integrates a set of linguis-
tics resources as knowledge sources. So, our approach, for TC using the
Vector Space Model, integrates two di�erent resources in text content
analysis tasks: a lexical database (WordNet) and training collections
(Reuters-21578). We present the WSD task to TC application. Speci�-
cally, we apply WSD to the process of resolving ambiguity in categories
WordNet, so we complement training phases. We have developed exper-
iments to evaluate the improvements obtained by the integration of the
resources in TC task and for application of WSD in this task, obtaining
a high accuracy in disambiguating category senses of WordNet.

1 Introduction

The task of Word Sense Disambiguation (WSD) is to identify the correct sense
of a word in a particular context. Improvement in the accuracy of identifying
the correct word sense will result in better for many natural language processing
(NLP) tasks[5](i. e. in Text Categorization (TC)[2], machine translation[3], ac-
cent restoration[18], Information Retrieval (IR)[5, 14],etc). However, WSD task
has not been applied to these NLP applications.

We present a new approach using WSD as an aid for TC speci�c task. This
approach integrates a set of lexical resources as knowledge sources. Because
we make the basic assumption that the more informed a system is, the better
it performs, so, our approach for both TC[2] and WSD[16, 4] uses the Vector
Space Model (VSM)[12] as a uniform way to integrate two di�erent resources
in text content analysis tasks: a lexical database3 (WordNet[10]) and training

3 A lexical database is a reference system that accumulates information on the lexical
items of one or several languages. In this view, machine-readable dictionaries can
also be regarded as primitive lexical databases. Current lexical databases include
WordNet, EuroWordNet, EDR and Roget'Thesaurus. WordNet's large coverage
and frequent utilization has led us to use it for our experiments.



collections (Reuters-21578 y SemCor). The �rst task, TC[7, 2] is the classi�cation
of documents according to a set of one or more pre-existing categories. TC is
a di�cult and useful operation frequently applied to the assignment of subject
categories to documents, to route and �lter texts, or as a part of natural language
processing systems. The other task, WSD[19, 1, 15] is marking each word token
in a text with some marker identifying its semantic category, where the semantic
category is the sense of the word token from some lexicon or dictionary.

Among many training approaches that have been employed, we have selected
the Rocchio and the Widrow-Ho� algorithms. We have combined the utilization
of each algorithm with WordNet, using the Vector Space Model for this task.
This combination shows that an integrated approach combining a training col-
lection and a lexical database performs better than the isolated use of a training
collection. We present the WSD[16] task to TC[2] application. Speci�cally, we
apply WSD to the process of disambiguate categories inWordNet, so we com-
plement the training phase.

2 Learning algorithms

The basic idea in training based approaches to text classi�cation tasks is that
a set of manually classi�ed items can be used to predict the assignment of new
items to the classes. Training algorithms provide a way to calculate the weight
vectors for the classes. Basically, the training process assigns a weight to a term
in a class vector, in proportion to the number of occurrences of the term in items
manually assigned to the class, and in proportion to the importance of the term
in the collection too.

We have selected the Rocchio[11] and the Widrow-Ho�[17] algorithms to com-
pute the term weights for classes in our approach. The �rst one is an algorithm
traditionally used for Relevance Feedback in IR. The second one comes fromMa-
chine Learning. Both algorithms give the chance of integrating an initial repre-
sentation computed by the utilization of an external resource likeWordNet[2].

2.1 The Rocchio Algorithm

The Rocchio algorithm produces a new weight vector wck from an existing one
wc0k and a collection of training items. The component i of the vector wck is
computed by the formula:

wcik = �wc0ik + �
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Where wc0ik is the initial weight of the term i for the category k. wdil is the
weight of the term i for the training document l. Ck is the set of indexes of
documents assigned to the class k and nk the number of these documents. The
parameters �, � and 
 control the relative impact of the initial, positive and
negative weights respectively in the new vector. As Lewis[9], we have used the
values � = 16 and 
 = 4. The value of � is set to 20, in order to balance the
importance of initial and training weights



2.2 The Widrow-Ho� Algorithm

The Widrow-Ho� algorithm starts with an existing weight vector wc0k and se-
quentially updates it once for every training document. The component i of the
vector wcl + 1k is obtained from the lth document and from the lth vector by
the formula:

wcl+1ik = wclik + 2�(wdl �wc
l
k � yl)wdil (2)

Where wclik is the weight of the term i in the lth vector for category k. wdl is
the term weight vector for document l. wclk is the lth vector for category k. yl
is 1 if the lth document is assigned to the category k and 0 in other cases, and
wdil is the weight of term i in the lth document. The constant � is the learning
rate, which controls how quickly the weight vector is allowed to change, and how
much in
uence each new document has on it. A value typically used for � is
1

4X2 , being X the maximum value of the norm of vectors that represent training
documents.

3 Integrating WordNet in Text Categorization

The combination of information from WordNet and from the training collec-
tion is performed by the use of initial weights for categories. The utilization of
WordNet is based in the assumption that the name of a category can be a
good predictor of its occurrence. For instance, the occurrence of the word \bar-
ley" suggests that a news article should be classi�ed into the Barley category.
The prediction of more general categories like Earn (earnings) should instead
rely on the occurrence of semantically more independent terms like \dollar" or
\invest". Lexical Databases contain many kinds of information on lexical items:
concepts; synonymy and other lexical relations; hyponymy and the other con-
ceptual relations; etc. For instance,WordNet represents concepts as synonyms
sets, or synsets. Using WordNet, synonyms for names of categories can be
found, and then used to predict categories assignments. In our approach, we
focussed on the relation in WordNet. We have performed a \category expan-
sion", similar to query expansion in IR. For any category, its closer synsets are
selected, and any term belonging to them is added to the term set. We have
taken only concepts that are candidates to represent the meaning of each cate-
gory. The selection of candidate synsets can be considered as a disambiguation
process. This disambiguation process has been automated, as is shown in section
four.

Evaluation in text classi�cation operations exhibits great heterogeneity. Sev-
eral metrics and test collections have been used for di�erent approaches or works.
The VSM promotes evaluation based in recall and precision[8, 7]. We have com-
puted precision at 11 recall levels, taking the average precision as the number
which describes the overall performance of each technique. Precision averages
are produced at each recall level for all the categories. So, each category has the



same in
uence in �nal results, whether very frequent or not. These results are
shown in Table 1.

We have obtained better results through the integrated approach rather than
the approach based only on training. With the integration ofWordNet, average
precision achieves an improvement of 20 points for both algorithms.

Table 1. Overall results from our experiments in TC.

Training Training+WordNet

Rocchio Widrow-Ho� Rocchio Widrow-Ho�
0.0 0.567 0.565 0.733 0.703
0.1 0.478 0.484 0.703 0.659
0.2 0.423 0.427 0.661 0.610
0.3 0.362 0.375 0.601 0.555
0.4 0.315 0.331 0.573 0.530
0.5 0.270 0.279 0.556 0.511
0.6 0.224 0.225 0.503 0.469
0.7 0.175 0.179 0.416 0.436
0.8 0.147 0.149 0.359 0.412
0.9 0.119 0.122 0.296 0.351
1.0 0.109 0.111 0.201 0.289
Avg. 0.290 0.295 0.509 0.502

4 Disambiguating Categories in WordNet

As we have seen in the previous section, when WordNet (synsets) information is
integrated with training information, a problem related to the senses ambiguity in the
di�erent synsets of a category arises.

This problem was solved by using a new WSD algorithm, based on lexical resources
integration as in TC task. This WSD approach has shown promising results con�rmed
by our previous work [16, 4] and present results.

We have combined WordNet information with the Rocchio and Widrow-Ho� al-
gorithms to produce senses representation. We constructed a weight vector for the
category to be disambiguated, basically using the frequency of the terms that appear
in a contextual window around the word, that is, using its context [15]. We have used
the paragraph as contextual window, where the weight vector for word i with sense j
is sji = hwsj1; wsk1; :::;wskni. Where wski is the weight of the surrounding word. We
also constructed weight vectors for each associated synset to disambiguate. The weight
vector for a synset ck, is ck = hwc1; wck1; :::;wckni. The similarity between the word
(context) and each sense is obtained with the formula:

sim(sji; ci) =

PN
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Secondly, weights for terms vectors can be computed making use of the well-known
formula[13] based on term frequencies. We have used the expression:

wsji = tji � log2(n=fi) (4)

Where tji is the frequency of term j with sense i in contextual windows. n number
of senses of term i and fi the number of contextual windows where the term i occurs.
The expression (4) is the weight used for any document in our approach, and thus in
formulae (1) and (2).

Evaluation in WSD exhibits great heterogeneity. We have used macroaveraging and
microaveraging as metrics to evaluate our system[8]. The results are shown in Table
2. We have obtained a high precision in the lexical ambiguity resolution applied to a
speci�c task as is TC.

Table 2. WSD results applied to TC task.

Training+WordNet

Precision Rocchio Widrow-Ho�
macroaveraging 92.2% 92.0%
microaveraging 90.5% 90.6%

5 Conclusion and Future Work

In this paper, we have presented a new approach using WSD as an aid for TC. This
approach integrates a set of linguistics resources as knowledge sources. Our approach
for TC uses the Vector Space Model to integrate two di�erent lexical resources: a lexical
database (WordNet) and training collections (Reuters-21578 and SemCor).

TC is the classi�cation of documents according to a set of one or more pre-existing
categories. TC is a di�cult and useful operation frequently applied to the assignment of
subject categories to documents. We present the WSD task to TC application. Specif-
ically, we apply WSD to the process of disambiguate categories in WordNet, so we
complement training phase. We have developed experiments to evaluate the improve-
ments obtained by the integration of the resources in TC task and for application of
WSD in this task. Using both Reuters and WordNet, we have obtained better results
for the integrated approach than for the approach based only on training. With the
integration of WordNet, average precision achieves an improvement of 20 points for
both algorithms.

We have applied our automatic WSD method (also based on training collection and
lexical database) to the synsets associates to WordNet in TC process training. We
have obtained more than 92% precision in disambiguating the sense of the categories
WordNet. This way, we have realized automatically the total process of TC, applying
WSD.

Currently, we are realizing new experiments to apply to any other speci�c tasks
related to NLP, in which WSD can be very useful.
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