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Text Classification of Modified Hybrid Feature Selection Based on
Semantic Enhancement
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Abstract; One of the core problems of text classification is how to extract the key features that can reflect the characteristics of the text
from the text and capture the mapping between features and categories. The advantage of the traditional bag—of—words model is to treat
each word as a feature , while the disadvantage is that the calculation cost increases with the increase in the number of features and the re-
lationship between text and features, and the semantic relationship of the text features themselves is not considered. The advantage of
semantic relationships is to get the correlation between text and features. Aiming at this problem, we propose an enhanced hybrid feature
selection method which uses hybrid feature selection to reduce the dimension,and then uses word embedding to semantically enhance low—
frequency words. In order to verify the effect of enhanced hybrid feature selection on text classification, two experiments are constructed,
using the LSTM algorithm to train and test the classification model. Experiments on 71 825 news text data crawled show that the semantic—
based enhanced hybrid feature selection method not only improves the classification efficiency but also ensures the classification accuracy
in text classification.
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