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Text Classiﬁcation Model Based on Width and Word Vector Feature

LI Xue-Song
(Digital Personal Banking Department, Bank of China, Beijing 100818, China)

Abstract: To resolve the issues of weak memory ability and no global word feature information in the word-vector-based
text classification model, we propose a text classification model (WideText) based on the width and word vector features.
Firstly, text cleaning, word segmentation, unit encoding and dictionary definitions are carried out, Secondly, the Term
Frequency-Inverse Document Frequency (TF-IDF) index of the global word units is calculated and each text is vectorized.
Furthermore, the words in the input text are mapped to the word embedding matrix-through é;lcoding. After the word
vector features are embedded and averagely superimposed, they are spliced with the text vector features based on TF-IDF
and transmitted to the output layer. Finally, the probability of the fe‘atures belonging to each category is calculated. The
proposed model combines the expressive ability of text vector features on the basis of low-dimensional word vectors and
has excellent generalization and memory abiliti€s. The experimental results show that after the introduction of the width
feature, the WideText classification ﬁerformance is significantly improved in comparison with that in the word-vector-
based text classification modél and also slightly better than that in the feedforward neural network classifiers.
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