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All the other edges in the graph, including links between adjectives and adverbs, or
links across different parts-of-speech, are drawn using the lesk measure. The results
indicate that the right combination of similarity metrics can lead to a performance
competing with the state-of -the-art in unsupervised word sense disambiguation.

3 WSD using the Lesk Algorithm

The Lesk agorithm [10] uses dictionary definitions (gloss) to disambiguate a
polysemous word in a sentence context. The major objective of hisideaisto count the
number of words that are shared between two glosses. The more overlapping the
words, the more related the senses are.

To disambiguate a word, the gloss of each of its senses is compared to the glosses
of every other word in a phrase. A word is assigned to the sense whose gloss shares
the largest number of words in common with the glosses of the other words. Figure 1
shows the graphic representation of the Lesk Algorithm.
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Figure 1. Graphic Representation of the Lesk Algorithm

For example: In performing disambiguation for the "pine cone" phrasal, according
to the Oxford Advanced Learner’s Dictionary, the word "pine" has two senses:

« sense 1: kind of evergreen tree with needle-shaped leaves,
« sense 2: waste away through sorrow or illness.

The word "cone" has three senses:

« sense 1. solid body which narrows to a point,
« sense 2: something of this shape whether solid or hollow,
« sense 3: fruit of a certain evergreen tree.
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