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Input: ambiguous word w, words of sentence f.

Output: correct sense for ambiguous word si.
Calculating the total word ambiguous count in corpus n.
For all sense si of w do

P(si)= c(si)/n
End for

For all senses si of w do

For all words fj in the corpus do
P(fi[si)=c(fi,si)/c(si)
If ( p(fisi) == 0 ) then p(fj[si)= p(si)/n

End for
End for
For all sense siof wdo
Score(si)=p(si)
For all words fj in fvector do
Score(si )= score(si) * p(fj|si)
End for
End for

Correct sense = max score (si)
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P(si)=c(si)/n

P(s2)=3/8=0.375
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P(s2|f)=0.375*1*1*0.333*0.0469=0.0058 v

P(s3|f)=0.125*1*0.0156*0.0156*0.0156=0.00000047
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Correct sense = max score (si)= s2 = 0.0058
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P= correct answers provided/ answers provided

R= correct answers provided/ total answers provided

F-score= 2(P*R)/(P + R)

precision 90%
Recall 92%
F-score 90.98%
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Abstract

The semantic ambiguity is the biggest challenges facing the natural
language processing and it's applications automatically in general and
specially in the Arabic language, and of polysemy phenomenon is one of
these problems that causes ambiguity in the selection appropriate
meaning of the word in a sentence. The current trend in natural language
processing is statistically because of its effectiveness in solving some of
the problems of applications.

This research presented word sense disambiguation for multiple
meaning of the word in the Arabic language by one of the statistical
methods that used in this field which is the classification method (naive
Bayesian ), in addition to a corpus designing that contains all the
different contexts in which the ambiguous words appears. The approach
achieved a high success rate in the identification and selection of the
correct meaning of the ambiguous word in the sentence amounted to

90.98% with corpus of sentence and 95.99% with the corpus of contexts.
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