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Abstract 

The short text has the characteristics of less vocabulary, more noise and sparse features, 
which leads to the unsatisfactory effect of the traditional text classification method 
applied to the short text classification. In order to improve the classification accuracy of 
short texts, a feature extension method based on Wikipedia word vector is proposed. 
First, word vectors are trained using Wikipedia corpus. Then, word vector is combined 
with document vector for feature selection. Finally, by extending the word set with high 
similarity of feature items, the resulting text is classified by the traditional classifier. 
Experimental results show that the proposed method is better than other text feature 
extension algorithms in the accuracy of short text classification. 
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1. Introduction 

With the continuous upgrading of smart phones, ipads and other mobile terminal devices and 
the promotion of 5G mobile Internet, people can use these mobile terminals to obtain and 
release information anytime and anywhere. Nowadays, social applications have become one of 
the basic applications in the era of mobile Internet, such as WeChat, weibo, Twitter and so on. 
As the main carrier of platform information, short text data has become an important way of 
mass information dissemination in the network. Short text data usually refers to the text data 
with a length of less than 160 characters, which is sparse, random and noisy. Since these short 
text data represent the public view, mining short text data can learn more about users' attitudes, 
behavioral trends and other information, which has gradually become a hot topic for domestic 
and foreign researchers. However, due to its shortcomings, such as fewer features and shorter 
text length, it is not effective to directly use the traditional data mining algorithm for analysis, 
so it is necessary to put forward the corresponding algorithm to classify the short text data. 

Aiming at the sparse feature of the short text, YANG et al. [3] used the introduction of external 
documents to expand the feature. Through the introduction of external documents, more 
feature information was added to the short text to expand the feature. Li et al. [4] proposed the 
extension based on domain words and achieved good results. Fan [5] also proposes an effective 
method for feature extension based on external documents. Fan yunjie et al. [6] proposed the 
classification of Chinese short texts based on wikipedia, and used the link relations between 
vocabulary concepts in wikipedia to establish the collection of vocabulary related concepts, so 
as to expand the short texts. There is also baidu baike as a way to extend microblog features, 
which is similar to the principle based on wikipedia. Wang dong et al. [7] proposed feature 
expansion based on synonym forest, and text feature expansion based on knowledge net and 
WordNet. The above research extracts semantic features to a certain extent, but these features 
do not directly involve the semantic information of the document subject, and the phenomenon 
of "track-off" or "noise" will occur in the application. 



International Journal of Social Science and Education Research                                                              Volume 3 Issue 3, 2020 

ISSN: 2637-6067                                                                                                                          DOI: 10.6918/IJOSSER.202003_3(3).0031 

198 

In the feature expansion of short texts based on internal semantics, hu yongjun et al. [9] used 
the LDA model to construct high-frequency word sets based on topic granularity, and extended 
the feature of short texts based on topic distribution of short texts. Enriquez [10] proposed the 
classification method of opinion text by word vector. Shao yunfei et al. [11] used the improved 
tf-idf model and LDA topic model to construct the keyword set and topic distribution set based 
on category features, and completed the expansion of the representation of the content and 
vocabulary vector of the short text, and then applied it to the classification of short text, 
achieving good results. Zhang et al. [12] proposed a general framework for short text 
classification by learning words and vector representations of hidden topics. However, the 
feature extension algorithm of short text based on internal semantics relies more on the data 
itself, which is less sensitive to new data and prone to overfitting. 

In recent years, the emergence of neural network and representation learning method provides 
a new way to solve the problem of data sparsity, and researchers have proposed many models 
to obtain the expression of low-dimensional word vectors. The word vector is represented by 
a low-dimensional real vector, and the vector distance is used to represent the distance 
between the word vectors. Researchers can quickly complete tasks in natural language 
processing by using pre-trained sets. 

Inspired by word vector representation method, this paper presents a model based on 
Word2Vec essay this feature extension methods, use the Wikipedia training Word2Vec model, 
for the characteristics of Top-N extension, essay and feature weighting is calculated after the 
words to expand, eliminate the external knowledge with the subject characteristics, the 
influence of the introduction of good made up for the inadequacy of the algorithm. 

2. Related Work 

2.1. Bag of Words 

The bag of words  is the first text representation model which is easy to understand intuitively. 
The bag of words maps the words in the article to a one-dimensional vector, which is orthogonal 
in two ways and occupies the only dimension in the vector. The length of the vector is the total 
number of words in the corpus. The advantage of the bag model is that it is easy to understand 
and easy to use. The disadvantages are the lack of semantically relevant information, the large 
dimension, especially when the data volume is large, the length of the vector can reach ten 
thousand dimensions or even one hundred thousand dimensions, which is not easy to model. 

2.2. Vector Space Model 

Vector space model is a text representation method based on statistical rules. Similar to the 
word bag model, the vector space model also needs to make corresponding statistics on the 
word frequency information and calculate the corresponding weight in each term. The 
difference is that the dimension of the vector can be set freely according to the needs, which 
reduces the corresponding computation. For the solution of text similarity, the vector space 
model shows a good effect, but for the solution of lexical similarity, the vector space model is 
powerless. 

2.3. Latent Dirichlet Allocation 

The LDA topic model is to express the document set as document topic distribution and topic 
vocabulary distribution through training [13]. LDA topic model is a kind of generation model, 
first choose subject document is a certain probability distribution and subject distribution, in 
the process of generating documentation, from the document theme distribution with a certain 
probability to choose the theme, the theme, and according to the subject from a distribution 
with a certain probability the choice of vocabulary, added to the document, the complete text 
generation. However, for a generated text, the document topic distribution can be used as a text 
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representation, and the probability of the implied topic can be inferred from the EM algorithm. 
The LDA topic model is an unsupervised exercise in which the number of topics can be 
customized and the model can be used for text generation and text representation. However, 
LDA cannot fully express semantic information in terms of text representation and is sensitive 
to text length, so it is not applicable to the text representation of short articles. 

2.4. Word Embedding 

The concept of word embedding was first proposed by Hiton in 1986, creating the first word 
vector [14]. Word vector is the mapping of words into a high-dimensional vector representation 
through the training of text corpus, and then the distance of words in high-dimensional space 
to represent the similarity between words. Since the dimension of word vector can be set freely, 
compared with the bag model and vector space model, it can clearly represent the semantic 
information between words and the similarity information between words. For statements and 
documents, by adding sentence, paragraph, article and other information during word vector 
training, we can further obtain relevant information of words and sentences. Vector methods 
based on sentence patterns, paragraphs, articles and so on also appeared, such as sentence 
vectors representing statements (Sntence2vec) and document vectors representing articles 
(Doc2vec). In essence, the word vector is just the product of language model. It is the word 
vector obtained at the same time of natural language model. For the given corpus and unknown 
sentences, we hope to construct a discriminant model to determine whether the unknown 
sentences are natural sentences. For the data set of the original corpus, the objective function 
can be obtained as follows: 
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Where n is the number of documents, m is the number of words in each document, and 

( )ij ijp w context−
represents the probability of ijw  occurrence under the circumstance that 

context information is ijcontext− . Therefore, it is necessary to maximize the above objective 

function to determine whether it is a natural language model, so as to obtain the word vector. 
There are two models to obtain word vectors, one is the CBoW model, the other is the Skip-
gram model. See figure 1. 
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Figure 1. General Word2vec Model 



International Journal of Social Science and Education Research                                                              Volume 3 Issue 3, 2020 

ISSN: 2637-6067                                                                                                                          DOI: 10.6918/IJOSSER.202003_3(3).0031 

200 

Figure 1 represents the CBOW model. For the CBOW model, the input node is the word in the 
context word set, the middle node is the sum node, the output node is a binary tree, and the 
number of leaf nodes is the number of word sets in the document. The optimized word vector 
is obtained by traversing the document. Among them, the number of the context word set can 
be determined by a random number in a specified range. For a given context word set, the sum 
of the initial word vectors is firstly performed to obtain the sum vector, and then the word 
vector value is optimized by the path from the sum node to the leaf node of the word. The 
optimization algorithm for CBOW is SGD algorithm. Figure 2 shows the solution diagram of the 
skip-gram model. The skip-gram model is also composed of a three-layer network model. 
However, the input node of skip-gram is the current node, which is different from the CBOW 
model. Different from the training of CBOW, skip-gram needs to optimize the word vector 
information of each word from the input node to the context in each training, and obtain the 
word vector after several iterations. 

3. The Classification Process of Short Text Based on Word Embedding 

3.1. Overall Process Frame  

The first step of the feature extension algorithm based on wikipedia word vector is to obtain 
wikipedia word vector. The wikipedia word vector is obtained through Word2vec model. In the 
second step, word2vec word vector is combined with document vector for feature extraction. 
In the third step, the word set with high similarity of feature items is extended, and the obtained 
text is classified by using the multi-layer perceptron in deep learning as the experimental 
algorithm to verify the effectiveness of the algorithm. The main process is shown in Fig. 3. 
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Results
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Figure 2. General framework of short text classification 

3.2. Acquisition of Wikipedia Word Vectors 

Wikipedia word vectors are generally obtained in one of two ways. One is to obtain the word 
vector by downloading the wikipedia data set and using the word vector tool to train the corpus; 
the other is to directly obtain the trained wikipedia word vector model through the existing 
library. This paper adopts the latter method to obtain the word vector [15]. In this paper, 
wikipedia word vector is obtained through CBOW model. For each sentence of each document 
in the wikipedia dataset, word segmentation is performed first. For a word segmentation 
document, each word in the document and its context can be entered into the model to solve. 

The objective function in formula (1) can be transformed as follows: 
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That is, the objective function is transformed into a loss function through transformation, 
where, the order of the path to the current word can be assumed to be 0 to the left and 1 to the 
right. The word vector that represents the current internal node. Represents the sum of the 
word vectors in the context of the word. For the loss function, the optimal solution for each 
word vector can be obtained by using the optimization method of stochastic gradient descent. 
As shown in figure 3, for example, in the Wikipedia for the interpretation of the word 'China' to 
'China is a peace-loving country, through the word segmentation and remove the stop after can 
get China peaceful country, according to Wikipedia, word frequency statistics can get the 
original Huffman tree, In Fig. 3 shows the simplify Huffman tree, in practice, the Huffman tree 
to tree more than in Fig. 3. 

 

Peace Nation

China

Interest

 
Figure 3. The solution diagram of Word Embedding 

 

First, the word vector is initialized. The text uses random initialization to map all words in the 
word set to a random initialization value with a dimension of 300 and a value of [0,1]. Secondly, 
for the sentence after word segmentation, choose the word in the sentence and its context 
successively to solve, assuming the current word is = 'hobby', the context word is the sum of 
the word vector = 'peace China', and the unique path from the root node to the 'hobby' node. As 
shown in Equation (3), which indicates whether the path is to the left or to the right, it can be 
assumed that the left is 0 and the right is 1. The product of and represents the vector product 
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of the sum of the word vectors in the context and the intermediate node, thus obtaining the final 
objective function. The new loss function can be obtained through changes, and the traditional 
stochastic gradient descent algorithm can be used to solve it. Since the unknown variables are 
and, the derivative is taken to obtain the optimal solution through iteration. 

At this point, we can get the word vector set of wikipedia data set, which can be expressed as a 
form for any word. Another interpretation of the word vector is points in higher dimensional 
space. For word vectors of the same dimension, we can calculate the similarity between words 
by using Euclidean distance. 

3.3. Classification Process of Short Texts 

Each word in the text is expanded into a group of semantically related words, which can make 
connections between words in the short text that previously had no co-occurrence relationship. 

For example, there is no co-occurrence relationship between "car" and "vehicle", although the 
semantics are similar, the co-occurrence is 0. In the Word2Vec model, the extended set of the 
first 10 words is used: 

Top-10("car") = {"cars", "vehicle", "mx5", "motorbike", "automobile", "auto", "bodyshop", 
"Citroen", "opel"} 

Top-10("vehicle") = {"vehicles", "car", "automobile", "cars", "bodyshop", "auto", "truck", 
"usedcar", "warranty", "mx5"} 

You can see that it increases the co-occurrence of the two words. Therefore, semantically 
related word groups expand the text content, increase the chance of word co-occurrence among 
semantically related documents, and improve the classification performance. 

A collection of words can be obtained from the text of each snippet, and the contents of the 
snippet can be extended by the word library in the Word2Vec model after training. The 
extension for this article is to find the top-n word with the closest semantic similarity for each 
term in the Word2Vec library to implement the snippet extension. Let a snippet be composed 
of terms, that is. For each extension in the Word2Vec model, a set of extended words is obtained. 
Merge the collection and you get an extension set of the snippet. 

However, simple expansion does not distinguish the importance of words, and many common 
words will be extended into the document. For example, some relatively common words, such 
as "time", "link", "include", etc., will be extended into the document, which will unknowingly 
introduce noise information, but will reduce the classification performance. 

Therefore, in view of the formed by Word2Vec expansion after expansion word set, in order to 
prevent common words reduced on the accuracy of classification results, this paper USES the 
Newman put forward the point of mutual information (PMI) method to measure the 
relationship between the two words, as a kind of constraint information to filter the general 
word, reduce the effects of noise. 

The PMI values of the two words can be obtained as in Eq.(4). 
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Where ( )p w  represents the probability of occurrence of word w, ( ),i jp w w  represents the 

probability of occurrence of iw and jw  together, ( )p w  and ( ),i jp w w  are calculated on a large 

external data set. Wikipedia data set is adopted in this paper. The larger the PMI, the more 
relevant the two words. 
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3.4. Expansion of Short Text Features 

Through the feature extraction process based on Word2vec, this paper obtains the feature word 
set of the corpus and traverses the corpus. For the feature words that exist in the document, k 
feature words with the highest similarity with the feature words are added to the document as 
a new document set. The specific algorithm steps are as follows: 

(1) the word vector set of wikipedia words is obtained from the wikipedia corpus data set. 
According to the calculation method of Euclidean distance, the first 20 words with the greatest 
similarity were obtained. 

(2) Word2vec and document vector were used to extract document features and obtain the 
feature items to be extended for each document. 

(3) go through each document in turn and judge the keywords in the document as follows: if 
the word is in the feature item set to be extended, add the feature item in the candidate word 
set corresponding to the word in (1) to the short text; otherwise, skip the word. 

(4) get the text with expanded features. 

In this paper, the result of the sum of word vectors can be directly used as the text 
representation. Finally, it is trained through a classifier. 

4. Experiment and Results 

4.1. Evaluation Indexes  

For text classification tasks, commonly used evaluation indicators include accuracy, recall rate, 

1F  metrics, and macro average. The accuracy rate p  refers to the proportion of the correct 

sample size in the text classification results to all the classified text Numbers: 
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Recall rate r  is the proportion of the correct sample number in the text classification result to 
the actual text number of the class: 
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Where a  is the number of samples correctly classified, b  is the number of samples incorrectly 
classified into this class, c  and is the number of samples belonging to this class but not correctly 

distinguished. 1F  Indicator is an indicator to weigh the accuracy rate against the recall rate: 
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Accuracy, recall rate and 1F  classification performance of a single category are measured. The 

macro average is the average for all categories p  , r  and 1F  is used to evaluate the overall 

classification performance of the system. 
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4.2. Analysis of Experimental Results 

The operating system used in this experiment is windows 10, 64bit, the processor is Intel Core 
i7-7700hq CPU @ 2.8-ghz, 8.0gbram, and the programming language is Python 3.6. In this 
experiment, based on the short text of the news data set of Sogou laboratory, the multi-layer 
perceptron in deep learning is used as the experimental algorithm to classify the short text. Due 
to the imbalance of category data in the experimental corpus, there are some incomplete 
category data. Therefore, 8 categories are extracted from the original 11 categories, and a 
considerable number of documents are randomly extracted from these 8 categories, and the 
data is preprocessed simply. The processed dataset is shown in Fig. 4. 

 

 
Figure 4. An overview of the processed dataset 

 

The feature extension algorithm of data word vectors of each category is extended to obtain 
new text representation data, in which each document is represented by vectors of the same 
dimension, so as to normalize the data. 

The experimental objects in this paper are feature extensions based on Word2vec feature 
extensions and LDA theme model. Word2vec-based feature expansion is to first solve the word 
vector of the original corpus by using the Word2vec model. For each feature word in the article, 
the first 20 words with the highest similarity of the feature word are added to the original text 
for feature expansion, and then the classifier is used for classification. 

Hu yong et al. [9] used LDA high-frequency words for expansion, and used sogou laboratory 
data set for testing. Feature expansion based on the LDA theme model is to obtain the document 
topic distribution and subject word distribution first, and add the first five most relevant topics 
of each article and the first 10 most relevant words of each topic into the original text, a total of 
50 feature terms, playing the role of feature expansion. 

In this paper, the multi-layer perceptron in deep learning is used as the classifier of 
experimental algorithm. Since deep learning can learn deep semantic features, deep 
classification model is often better than shallow model. In this experiment, the top 200 
keywords of if-idf in each category were selected as keyword word sets. By adjusting the 
number of layers, learning rate and iteration times of the classifier, the unprocessed short texts 
are compared. Among them, the data set of short texts without any processing is selected, and 
the data set of Word2vec for feature expansion is used for comparison experiment. The 
experimental results are shown in Fig. 5. 
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Figure 5. Experimental results after adjusting the learning rate 

 

In experiment 1, a multi-layer perceptron classifier with 3,000-500-500-8 layers and 10 
iterations was selected for experiment, and the classification algorithm in this paper was 
compared by adjusting the learning rate. As you can see from figure 6, in the absence of 
characteristic extension, because of the lacking of characteristics of the text data is relatively 
serious, the accuracy of the classifier is poor, because of the influence of the number of 
iterations, without any processing essay this classification data sets, the result is bad, based on 
the characteristics of Word2vec extension accuracy reached 65%, based on the LDA subject 
feature extension accuracy reached 67%, slightly better than Word2vec characteristic 
extension. In this paper, the experimental results of the feature extension algorithm based on 
wikipedia word vectors are about 72% accurate. 

In Fig. 6, the multi-layer perceptron classifier with 3 000-500-500-8 layers was selected in the 
experiment, and the learning rate was 0. 35. Experiment of text classification by adjusting 
iteration times. 

 

 
Figure 6. Experimental results after adjusting the times of experiments 
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According to the experimental results, the accuracy of Word2vec feature extension algorithm 
is not sensitive to the number of iterations, with the accuracy around 65%. The feature 
extension method based on LDA subject feature extension is not sensitive to iteration times, 
and the accuracy reaches about 63%. The experimental results of data without any processing 
have a high sensitivity to the iteration times, and the prediction accuracy increases rapidly at 
first and then becomes stable with the increase of iteration times. The algorithm in this paper 
is not affected by the number of iterations and is not sensitive to the number of iterations, but 
the accuracy is higher than the above two, reaching about 75%. 

 

Table 1. Results of Baselines Run with the Original Documents with this paper 

 Word2vec LDA Extension This paper 

P R F1 P R F1 P R F1 
Housing 60 55 62 70 65 67 76 77 76 
Sports 65 60 62 71 70 70 75 81 77 
News 71 65 67 66 65 64 79 76 77 

IT 61 62 61 75 66 70 71 80 75 
Business 43 47 44 68 79 68 82 76 78 

Cars 68 75 71 70 66 67 80 83 81 
Tourism 44 50 46 65 64 64 72 79 75 

Entertainment 59 46 51 63 67 64 78 71 74 

 

Table 1 shows Word2vec feature extensions, LDA high-frequency word feature extensions, and 
comparison of accuracy, recall, and F1 values in each category. Table 1 shows the accuracy of 
each category at different rates and the average recall rate. It can be seen that the algorithm 
based on wikipedia word vector feature extension in this paper has achieved good results in 
most of the above three evaluation indicators. 

5. Conclusion 

In this paper, we propose a feature extension algorithm based on the word vector, which 
obtains the word vector of the external corpus by training the external corpus data set, obtains 
the keyword set of the document by TF-IDF algorithm, and adds the word set with higher 
similarity to the original text to achieve the effect of feature extension, so that more information 
can be extended to the short text, and uses the classifier to classify the text Class and get the 
experimental results. Because this paper only uses the information of words to express the text, 
the information expansion is relatively less. In the future, we can use sentence information, 
paragraph information and article information to expand the features of the text more, so as to 
improve the accuracy of text classification. 
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