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This paper presents a supervised machine-learning approach for normalizing terms into their representative
forms. This study models the process of term variation with a set of possible operations of string-replacement, that
convert a term (e.g., activities) into its representative form (e.g., activity). We formalize the task of recognizing
term variation as a binary classification problem, in which a logistic regression model assigns a positive class to a
given term pair only when a term of the pair is the representative form of another term. We use the maximum
a posteriori (MAP) method with L; regularization for estimating contributions (weights) of string-replacement
operations for normalizing terms. Training corpora for normalizing spelling and inflection variants are built from
existing lexicons. The experimental results show the effectiveness of string-replacement operations obtained from

the training process for both recognizing and normalizing term variations.
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