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Diet Health Text Classification Based on word2vec and LSTM
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Abstract: The development of Internet information age makes Internet information grow rapidly. As the
main information form of the network, the texts are massive, so is texts information about diet. The diet
information is closely related with people’ s health. It is important to make texts be auto-classified to help
people make effective use of health eating information. In order to classify the food text information
efficiently, a classification model was proposed based on word2vec and LSTM. According to the
characteristics of food text information in encyclopedia and diet texts in health websites, word2vec
realized word embedding, including semantic information which solved the problem of sparse
representation and dimension disaster that the traditional method faced. Word2vec combined with
K-means + + was used to cluster key words both of the proper and the avoiding to enlarge relevant words
in classification dictionaries. The words were employed to work out rules to improve the quality of training
data. Then document vectors were constructed based on word2vec as the initial input values of long-short
term memory network (LSTM). LSTM moved input layer, hidden layers of the neural network into the
memory cell to be protected. Through the “gate” structure, sigmoid function and tanh function to remove
or increase the information to the cell state which enabled LSTM model the “memory” to make good use
of the text context information, which was significant for text classification. Experiments were performed
with 48 000 documents. The results showed that the classification accuracy was 98. 08% . The result was
higher than that of ways based on tf-idf and bag-of-words text vectors representation methods. Two other
classification algorithms of support vector machine (SVM) and convolutional neural network (CNN) were
also conducted. Both of them were based on word2vec. The results showed that the proposed model
outperformed other competing methods by several percentage points. It proved that the method can
automatically classify dietary texts with high quality and help people to make good use of health diet
information.
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Fig.1 Pretreatment result of diet text data
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Fig.2 Semantic similarity of word embeddings
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Fig.3 Word embeddings in two dimension
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Fig.5 Document vectors of proper and avoiding diet
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