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ABSTRACT
Machine translation is considered as a branch of machine intelligence with
about fifty years background. Ambiguity of language is the most problematic
issue in machine translation systems, which may lead to unclear or wrong
translation. One of the problems involved in natural language processing is the
semantic and structural ambiguity of the words. The objective of this paper
to focused on the word sense disambiguation. In here, the existing algorithms
for word sense disambiguation are evaluated and a method which is proposed
based on the concept, structure and meaning of the words. The experimental
results are promising and indicate that this proposed approach significantly
outperform its counterparts in terms of disambiguation accuracy.
c 2014 JComSec. All rights reserved.

1

Introduction

Machine translation is a branch of computational linguistics where a machine is employed to understand a
text completely and then translate it into another language. By using corpus linguistics techniques, translation of more complex texts is facilitated. Furthermore,
these techniques provide a strong way in order to make
better recognition and translation of different phrases
and terminologies of almost all languages.
Machine translation includes some features which
justify its essence it economic perspective. For instance, in spite of working about 1,200 translators at
NATO National Headquarters in Brussels and Europe,
machine translation is applied in order to increase the
speed and decrease the cost of translation. Moreover,
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translation of text using a machine is faster than a
human translator; although, the quality and accuracy
of machine translation is lower than the human translator.
Machine translation is a very active topic in the
field of machine intelligence. The first experience of
the kind was performed on a Russian text to English.
Despite many studies already conducted on machine
translation, there exist several defects. It is obvious
that translation of any text (simple/complex) using
a machine is not done easily. Ambiguity in semantic
and structure of the language is the most problematic
issues in machine translation. One of the most important tasks in this process is to recognize the role of a
word in a sentence and then translate it to its correct
meaning in the target language.
Disambiguation requires considering semantics, syntax and word processing issues. Unfortunately, there
is a big gap between the theoretical linguistics and
its application. Theoretical linguistics has failed to
present a general model that covers all aspects of the
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language.
A major ambiguity is resolved by using a technique
known as “Part Of Speech Tagging” which is defined
as determining and annotating the role of all words in
the sentence [1]. In other words, the method specifies
the right role of every word in a sentence, which would
facilitate the determination of the correct meaning of
the word. Note that the word sense disambiguation
(WSD) is more difficult than the structural ambiguity
resolution, and a stronger method is required to solve
this problem. Actually, word sense disambiguation is
carried out by identifying the sentence which contains
the ambiguous word followed by recognition of the
words surrounding the ambiguous word.
All word sense disambiguation (WSD) methods already proposed can be classified in three main categories. Supervised methods which apply a sense-tagged
dataset to train a classifier, applying lexical resources
such as dictionary or thesaurus; and the unsupervised
methods which work on unlabeled set of words and
texts [2, 3].
1.1

Disambiguation Using Supervisor

In this approach, a set of texts containing the ambiguous word are used as the training data. The correct
sense of each word is also annotated in each text, during the training phase.
This approach can be considered as a classification
task on the words. In other words, the algorithm is
trained in order to classify a new unseen case of the
ambiguous word by determining its correct sense. In
supervised learning approach, different well-known
classifiers are applied including Bayesian Network [4],
Information Theory [5], Decision Tree [6], K-Nearest
Neighbour [7] and Neural Network [8].
1.2

Dictionary-Based Disambiguation

This method is used when no information about the
class of the word in the corpus is available. In such
cases, the general information about the word is explored from the dictionary. Here, different types of information are used: the first type is called Lesk which
uses exactly the meaning of the word which is defined
in the dictionary; in the second type, the algorithm
uses the classification information of the word which
is defined in the dictionary; and in the last type, the
information about the translation obtained from a
dictionary of two different languages is used [9].

1.3

Disambiguation
Learning

Using

Unsupervised

In two previous disambiguation methods, the procedure needs some prior knowledge about the semantic
of the words, while in some cases there is no information about the meaning of the words included in the
text [2, 5]. The first step in this approach is to cluster
the words based on semantic information. Each cluster has a semantic, and each word is assigned to the
nearest cluster. Here, the word takes the meaning of
the cluster in the sentence.
The objective of this study is to disambiguate words
based on their concept, structure and meaning. The
rest of the paper is organized as follows: in Section
2, the related work is reviewed, Section 3 is devoted
to introduction of this proposed method. The experimental results are presented in Section 4. Finally, the
paper is concluded in Sections 5.

2

Related Works

The set of WSD methods can be divided into three major categories, supervised, unsupervised and hybrid
schemes. The first category includes methods which
are based on supervised learning. These methods use
classification systems to determine the correct translation of ambiguous words. The second category includes methods that use unsupervised learning. Text
clustering is the main learning process used by the
methods in this category. There is also another category of disambiguation methods which propose a
combination of supervised and unsupervised learning.
2.1

Supervised Approaches

There are a lot of proposed methods for word sense
disambiguation which follow the supervised learning
techniques, e.g., Naive Bayesian [10], Decision List [6],
Nearest Neighbour [7], Transformation Based Learning [11], Winnow [12], Boosting [13], SVM [14] and
Naive Bayesian Ensemble [15]. Among the mentioned
methods, the methods that apply SVM and Naive
Bayesian Ensemble have been reported to have the
best performance for ambiguity resolution tasks, respectively. In order to determine the correct translation of each ambiguous word, all of the above methods
construct a classifier, using features that represent the
context of the ambiguous word.
Brown et al. proposed a corpora-based disambiguation method which can be applied in machine translation systems. They use data from syntactically related
words in the local context of the ambiguous word. In
order to obtain statistical data, a word-aligned bilingual corpus is required. Each occurrence of an ambigu-
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ous word should be labeled with a sense by asking a
question about the context in which the word appears
[16].
In the other method proposed by Yarowsky et al.
the assumption is that each word is located in a major
category. In order to disambiguate word senses they
have used the Roget’s Thesaurus dataset. By searching the hundred surrounding words as indicators of
each category, the most probable category of a word
can be determined. During the training phase, a stemming process is performed over all words in order to
achieve more useful statistics. Subsequently, by examining the hundred surrounding words for indicators of
each category, the indicator words are obtained and
weighted. The measure used as the weight of each indicator word is the log of words salience as shown in 1.
P (w|cat)
weight(w in cat) = log
P (w)

(1)

Where, w is an would word and cat stands for a category. P (w|cat) is the probability that w appear in the
context of a word from the category cat and P(w) is
the probability of the was occurrence in the corpus as
a whole. For the useful words, the computed weight,
i.e., the log of salience will be greater than one [17].
The system proposed by Yarowsky et al. is not
limited to particular word categories and works in a
wide domain. The first drawback of the system is that
it cannot disambiguate topic-independent distinction
words that occur in many topics. Moreover, the system
does not consider the distance of words in the contexts
it handles.
Another method for word sense disambiguation was
proposed by Dagan and Itai, where the most probable
sense of a word using frequencies of the related word
combinations in a target language corpus was chosen.
In their method, first of all, the system identifies syntactic relations between words using a source language
parser and maps those relations to several possibilities
in the target corpus using a bilingual lexicon [18].
Justeson and Katz, uses syntactically or semantically relevant clues. This method disambiguates adjectives using only nouns that are combined by the
adjectives. The system was evaluated on five of the
most frequent ambiguous adjectives in English: ’right’,
’hard’, ’light’, ’old’, and ’short’ on large sets of randomly selected sentences from the corpus that contained the adjectives. However, for adjectives which
can be differently accompanied by the same noun, this
method cannot contribute to disambiguation [19].
The system presented by Ng and Lee is based on
the Nearest Neighbor method. The prototypes are
the instances of the ambiguous word in the training
corpus, each containing the following features: singu-

lar/plural, POS tags of the current word, three words
on either side, support for verbs which have a different
verbal morphological feature, a verb-object syntactic
feature for nouns, and nine local collection features.
These features are calculated for each instance of w in
the sense-tagged training data. The results are stored
as exemplars of their senses. By calculating the same
feature vector for the current word and comparing all
the examples of that word, the given word is disambiguated choosing the closest matching instance [7].
The method presented by Brown et al. requires a
bilingual word-aligned corpus, which is costly to build.
This is one of the drawbacks of this method, which
reduces the applicability of the method to other pairs
of languages.
The method proposed by Mosavi and Khalafi is
somewhat similar to that of the Dagan and Itai which
uses a target language model. They use Persian as the
target language and consider the co-occurrences of the
multiple-meaning words in a monolingual corpus of
the Persian language. By calculating the frequencies
of these words in the corpus, the most probable sense
for the multiple-meaning words is chosen. However,
instead of considering syntactic tuples in the target
language corpus, they consider just co-occurrences of
certain words in that corpus without having a syntactic analysis for the corpus. In this method, no analysis
is conducted either on the source or the target language corpus with respect to syntactic. The only task
of the proposed algorithm, for obtaining the required
statistical information, is performed by determining
the true nature of the nearest noun, pronoun, adjective, or verb to the ambiguous word. When applying
this method for the comparison of English and Persian
machine translation, only a small portion of ambiguous words in English can be correctly translated into
Persian [20].
Reddy et al., investigated the WSD by modeling
it in a distributed constraint optimization (DCOP)
framework. The method requires information from
various knowledge sources (including part-of-speech,
morphology, domain information, etc), in order to be
modeled in a multi-agent setting [21].
Rezapour et al. proposed a supervised learning
method for WSD based on K-Nearest Neighbour algorithm. This method extracts two sets of features,
including the frequently occurred words, and the set
of words surrounding the ambiguous word. In order to
improve the classification accuracy a feature weighting strategy is introduced and used [22].
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2.2

Unsupervised and Semi-Supervised Approaches

In addition to supervised approaches, unsupervised
approaches and their combinations are proposed for
word sense disambiguation.
The proposed approaches in unsupervised WSD can
be divided into some major categories, which are based
on context clustering [23], word clustering [24] and
co-occurrence graphs [25], respectively. Among these
main approaches, the graph-based methods is recently
explored with a certain success. These approaches are
based on the notion of a co-occurrence graph. A cooccurrence graph is a graph like G = (V, E), where
its vertices V correspond to words in a text and edges
E connect pairs of words which co-occur in the same
context.
For example, Veronis et al. proposed an ad hoc
approach called HyperLex. In the First step, a cooccurrence graph is drawn where the nodes are the
words that have occurred in the paragraphs of a corpus
in which a target word occurs, and an edge between a
pair of words is added to the graph if they co-occur
in the same paragraph. A weight is then assigned to
each edge, according to the co-occurrence frequency
of the pair of words connected by the edge [26].
Sinha and Mihalcea proposed an unsupervised
graph-based word sense disambiguation algorithm,
which combines several word semantic similarity (i.e.,
The degree to which two words are semantically related) measures and algorithms for graph centrality
(i.e., the algorithms which assign different important
degrees to the nodes). That work was the first in
addressing the problem of WSD by comparatively
evaluating measures of word semantic similarity in a
graph theoretical framework [27].
The method proposed by Reddy et al. uses the
Personalized PageRank which is a graph centrality
algorithm (Agirre and Soroa 2009) over a graph representing WordNet to disambiguate ambiguous words
by taking their context into consideration [28].
There are some other unsupervised methods in the
literature, which are based on word clustering or context clustering, such as Schutze [23] proposed an ambiguity resolution technique which divides the occurrences of a word into a number of clusters by determining any two occurrences as whether they belong
to the same sense or not, which is then used for the
full ambiguity resolution task. The approaches proposed by Litkowski [24] and Lin [29] are other examples of unsupervised learning methods. Nigam et al.
[30] proposed an unsupervised learning method using the Expectation-Maximization (EM) algorithm
for text classification problems, which then was im-

proved by Shinnou and Sasaki in order to apply it to
the ambiguity resolution problem [31]. Agirre et al.
combined both supervised and unsupervised lexical
knowledge methods for word sense disambiguation
[32]. In two other methods, Yarowsky [33] and Towell
and Voothees, the rule-learning and neural networks
are applied, respectively [8].
Galley and McKeown proposed a method consisting
of two stages; first, a graph is drawn representing all
possible senses of the words under investigation, represented as graph nodes and their semantic correlation
are the weights assigned to their connecting edges; second the text is processed sequentially by comparing
each word against all words previously read. If a relation exists between the senses of the current word and
any possible sense of a previous word, a connection
is established between the appropriate words and the
senses. The weight assigned to each connection is a
function of two factors, i.e., the type of relationship
and the distance between the words in the text. For
each sense of an ambiguous word, the weights of all
connections corresponding to that sense are summed,
giving that sense a unified score. The sense with the
highest unified score is finally chosen as the correct
sense [34].
Mihalcea and Moldovan, proposed an iterative
method for WSD. This method differs from other
proposed methods in that it follows an iterative
process for WSD (same as the method proposed in
this paper). This method requires two sources of
information; WordNet and a semantic-tagged corpus.
The method which will be proposed in the this paper
is similar to the method proposed by Mihalcea and
Moldovan in that it also disambiguates the words,
iteratively. However, here, no additional information
source is necessary; and this method works with a
set of discovered association rules and knowledge
deduced from the rules. Moreover, as the results of
the experiments indicate, the response times of these
two methods are quite different [35].

3

The Proposed Method

The key task in WSD is to explore the context of the
ambiguous word in order to find some of its unique
characteristics. For this purpose, there exist some
proposed approaches which are described as follows.
The proposed method is a supervised method, where
word sense disambiguation is carried out based on
concept, structure and meaning of the words. In this
study, the WordNet as an extra knowledge base to
discover the relationships among the target word and
its surrounding words in the context. Based on the
gathered information the Naive Bayes classifier is

April 2014, Volume 1, Number 2 (pp. 123–132)

applied in order to determine the correct sense of the
word. Naive Bayesian (NB) classifier is known as one of
the most suitable methods for supervised approaches
in WSD [36]. Naive Bayes for Supervised WSD are
collected in feature vectors. A feature vector consist
of numeric or nominal values to encode linguistic
information as input to most Data Mining algorithms
that classes of feature vectors extracted is collocation
feature vectors. A collocation is a word or phrase in
the position of a specific relationship to a target word.
The proposed method is a hybrid method which
makes use of different features and techniques, which
will be described in the following sections.
3.1
3.1.1

WSD Using Lexical and Structural Features
N-grams

An N-gram is a continuous sequence of N items, i.e.,
syllables and words, from a given text and can be
considered as the composition of words. The size “1”
for the N is “unigram”; size “2” is a “bigram”; size 3 is
a “trigram”; larger sizes are mentioned to by the value
of N, e.g., “4-gram”, “5-gram”, and so on. Usually,
N-gram is collected from a text or speech corpus.
According experiments run by this authors, the best
results are obtained for N = ±5 where the gram separates five items from the left and the right sides of
the ambiguous words in each paragraph. For selection
of N surrounding words here, prepositions and numbers are ignored and then all of the selected words are
classified using the Naive Bayes algorithm.
3.1.2

Word Frequencies

In this method, word frequencies are used instead of
the words themselves. For this purpose, first using
5-grams, each word in the text is replaced with its
frequency value. Next the Naive Bayes algorithm is
applied to all numbers in order to classify them. In
this method if the frequencies of two words are exactly
equal, one is selected on a random basis. the disadvantage of this method is that it is faced with a large
scale sparse matrix.
3.1.3

Word Stems

This proposed method uses the word stems instead of
the words. For instance, the term studying is replaced
by its stem study.
3.1.4

Feature Weighting

Here, each are of the surrounding word found by 5gram takes a weight. The weights are obtained through

the two approaches: first, according to the nearest and
the furthest surrounding word and, second, according to the frequency of each word. It means that the
nearest word takes the highest weight while the farthest one take; the lowest weight. In this method, the
value considered for the nearest word is 0.5, while the
value of the farthest word is 0.05. The occurrence frequency also takes part in the weighting metric. That is,
the furthest word with a high frequency takes a high
weight. After the weighting phase, words are classified
using the Naive Bayes classifier.
3.2
3.2.1

WSD Through Conceptual and Meaningbased Features
Keywords

Automatic extraction of keywords is evolved to identify a small set of words or key phrases from the document such that the set can describe the concept of
the document. This task should be performed automatically or with minimal human intervention [14].
In this study, the words that have the highest frequency and their occurrences are several times more
are compared with the Brown corpus are determined
as keywords.
Brown corpus is introduced by Kucera and Francis
at Brown University in the USA. This corpus includes
one million words which is equal to 500 texts, where
each text includes 2000 words in a wide variety of
topics in English.
For extraction of the keywords, each arbitrary text
is compared with the Brown corpus and the words
with the highest frequency will be selected as the
keywords of that text.
An example here will reveal the problem. For instance, this algorithm outputs the 167.00 for the word
step from a text with 92 words. For calculation of this
value, the word step in Brown corpus and the arbitrary text has 130 (of one million words) and 2 (of 92
words) occurrences, respectively. Taken as a proportion of 1,000,000 words, these 2 occurrences represent
2/92 * 1,000,000 = 21739 virtual occurrences. These
21739 occurrences are 167.22 times more than the 130
occurrences in Brown.
In other words, the occurrences of each word in an
arbitrary text are evaluated according to the frequency
of this word in the Brown corpus. For this purpose, the
algorithm takes a paragraph of the text and extracts
keywords of the paragraph and then the Naive Bayes
algorithm creates a model for classification of the
words.
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3.2.2

Semantically Related Words

In order to find the words which are semantically related to the target word, the wordnet which is a lexical database for English words is used here. WordNet
can be considered as a combination of lexicon and
thesaurus. WordNet made in the Cognitive Science
Laboratory at Peterson University in order to make
semantic connections between the words.
In this method, using semantic hierarchies of words
available in WordNet, the words which have close hierarchical distance to the target word are considered for
disambiguation. The keywords of a paragraph and the
surrounding words of the ambiguous word are then
extracted. Finally, a model is developed based on all
extracted words using the Naive Bayes classification
method. The collocation of feature vector for Naive
Bayes, extracted from a window of related word, keywords and n-gram.
The steps defined for this proposed scheme are as
follows:
(1) The ambiguous word is passed into the WordNet.
(2) The words which are related to the target word,
from different levels of the WordNet are extracted and a weight is assigned to each one of
them.
(3) A paragraph is selected for disambiguation. The
words extracted in the previous step are explored
in this paragraph and then the available ones
are added to the features of the paragraph.
(4) The keywords of the paragraph are extracted
using the algorithm described in section 3.2.1
and then, all of them are added to the features
of that paragraph.
(5) The 5-gram is applied to find 5 words before and
after the ambiguous word. All of the surrounding
words are added to the features of that particular
paragraph.
(6) The steps 1-5 are repeated for all paragraphs of
the text. Next, a vector of features is obtained for
each paragraph and finally, the correct meaning
of the ambiguous word is used as the class of the
paragraph.
(7) The Naive Bayes classifier (which is a Supervised
method) is used over the prepared data.
(8) Finally, a new unseen paragraph is passed to
the created model, and the obtained results are
compared with the real class of the data.

Figure 1. Algorithm Steps

4

Experimental Results

In order to evaluate this proposed scheme, the twoway ambiguities (TWA) dataset 1 is applied. TWA is
a standard dataset for identification of the ambiguous words. This dataset is collected at the University
of North Texas by Mihalcea and Yang. The dataset
contains some ambiguous words and the main focus
of the TWA is on six different words including “bass”,
“crane”, “motion”, “palm”, “plant” and “tank” that
the results shown in Table 1.
The dataset is divided into two subsets, training
and test (unseen) sets. Using 10-fold cross validation
approach, the size of the training set in each one of the
iterations is 90% of the whole data and the remaining
data is applied for test.
The results shown in Figure 2 are obtained when
only WordNet is used; however, in order to improve
the prediction accuracy of the method; a combination
of features including WordNet relations, keywords
and the words around the ambiguous word are used.
The accuracy of the proposed methods (i.e., 78.2%)
compared to some available methods in the literature
are illustrated in Figure 3.
As shown in Figure 3, the proposed method which
uses all the propose features outperforms the previous
methods in terms of accuracy.

5

Conclusion and Future Works

In this paper, several methods in resolving the semantic and structural ambiguities of words in a text are
assessed a new is proposed. One of the best results
obtained from the combination of WordNet, the keyword extraction algorithm, and surrounding words
of an ambiguous word in the text is evident here. A
1

http://www.cse.unt.edu/rada/downloads.html/#twa
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Table 1. Accuracy of the proposed methods for ambiguous words

Words N-Gram Word Freq Word Stems Weighting Key Words Depended word
Bass

51.85%

57.14%

52.73%

61.9%

75%

85.49%

Crane

63.15%

60.1%

65%

66.9%

80.43%

87%

40%

49.1%

56.4%

66%

74.32%

Motion 47.6%
Palm

68.12%

62.5%

70%

75%

81.25%

84.21%

Plant

53.57%

60.53%

55%

57.89%

62.75%

67%

Tank

60%

50%

62.12%

64.05%

65.71%

71.03%

100
90

80

Accuracy%

70
60

50
40
30

20
10
0

Accuracy of the Methods
Using Only WordNet

Bass
85.49
86.37

Crane
87
100

Motion
74.32
82.1

Palm
84.21
97.96

Plant
67
73.57

Words
Figure 2. Results of this Proposed Method

90%
80%

Accuaracy

70%
60%
50%
40%
30%
20%
10%

0%

Methods

Figure 3. Accuracy Values Compared to Previous Methods

Tank
71.03
91.3

Average
78.175
88.55
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combination of the methods is applied here in order
to find the whole set of features applicable for disambiguation. Finally, a model is developed according to
the extracted features, where the Naive Bayes algorithm is applied to classify the prepared data. In this
paper, the TWA dataset as a benchmark is applied
to evaluate this method. The average accuracy of the
proposed algorithm is 78.2%. The experimental results demonstrate that the proposed algorithm is very
promising in terms of accuracy of disambiguation.
For future; the part of speech tags (POSs) of the
words, (i.e. verb, noun, adj, adv, etc.) for word sense
disambiguation can be of consideration. Using surface
scrolling in WordNet is another solution to increase
the accuracy of disambiguation.
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