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Abstract 
 

Recognizing students’ sentiment in learning state plays an important part in improving teaching and 
supporting educational decision. The construction of sentiment lexicon will help to analyze the emotional state in the 
opinion text. In this study, we focus on constructing of multidimensional sentiment lexicon automatically in the 
domain of education. We proposed a Word2vec based approach to extract sentiment words, and automatic 
categorization of these sentiment words. Experiments conducted on the review message, from online learning 
system, show that our approach leads to a better performance. 

 
Introduce 

 
Sentiment analysis refers to the task of obtaining a point of view, evaluation, attitude, emotion, etc from the 

opinion text (Liu & Zhang, 2012; Zhang & Liu, 2016). It is important to understand the sentiment orientation of 
students to predict the thoughts and behaviors of individual and groups of students, and to make educational 
decision support accordingly. Such as by analyzing the emotional expression of the students during the online 
learning process, we can more accurately predict the student's online learning course completion and more 
convenient for teachers to provide effective academic achievement prediction. Sentiment analysis has been widely 
used in a range of applications since 2001(Pang & Lee, 2008). It has been widely used in business, public opinion 
analysis, online stores and other fields (Feldman, 2013). In the domain of education, the sentiment analysis is also 
getting more and more attention from researchers. With the development of online learning, the learner's opinion 
expressed on the content of learning is an important way of communication, which often contains a lot of 
information, such as learners ' sentiment orientation towards learning content, learners ' cognitive level, the learner's 
suggestion of learning content, etc. 

Sentiment lexicon is the most fundamental unit of sentiment analysis, and most affective analysis tasks are 
based on sentiment lexicon (Pang & Lee, 2008). Sentiment analysis based on sentiment lexicon is according to 
sentiment orientation of the words provided by the sentiment lexicon, so as to analyze the text emotion under 
different granularity. The method based on sentiment lexicon mainly includes the extraction of sentiment words, the 
polarity distribution of affective words and the construction of affective lexicon. Because sentiment lexicon has 
domain uniqueness, the quality of sentiment lexicon in different fields has a great influence on the accuracy of 
sentiment analysis. Therefor researchers have constructed a domain-special sentiment lexicon , such as the sentiment 
lexicon for the sentiment analysis of Twitter(Tang, Wei, Qin, Zhou, & Liu, 2014), and the sentiment lexicon used 
for medical sentiment analysis(Goeuriot et al., 2012). However, in the domain of Chinese education did not build the 
domain related sentiment lexicon. In the Chinese sentiment lexicon, the more commonly used sentiment lexicon has 
HowNet (Dong, 2015), National Taiwan University Sentiment Dictionary (NTUSD)(Ku, Liang, & Chen, 2010) and 
Dalian University of Technology sentiment lexicon ontology library (DUTIR)(Xu, Lin, Pan, Ren, & Chen, 2008). 
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HowNet and NTUSD are not classified according to sentiment classification of emotional vocabulary, DUTIR 
although the sentiment lexicon for the seven categories, but it contains the vocabulary in the field of education is not 
commonly used. 
 

Purpose of study 
 

The purpose of this study is to acquire sentiment words with multidimensional classification in the domain 
of education. According to Ekman's six categories of emotional classification(Ekman & Friesen, 1975), we divide 
sentiment words into surprise, fear, disgust, anger, happiness, and sadness six categories. Until now, most Chinese 
general sentiment lexicon have divided the polarity of sentiment words into positive and negative. Such as HowNet 
and NTUSD, which are classified according to the simple dichotomy of positive and negative emotions. The two 
lexicons ignore the richness and diversity of human emotions, and the new emotion based on the theory of emotional 
structure Dictionaries need to break down more emotional types or dimensions. Even the DUTRI lexicon contain 
Chinese sentiment words are divided into seven categories, but most of sentiment words in it not apply to the 
domain of education.  

The emotional states contained in an educational commentary sentence is not only positive and negative in 
both states, it contains more emotional information, such as a positive comment that may contain happiness or 
surprise state. Therefore we mining more emotional information in the review text, based on the constructive multi-
dimensional sentiment lexicon. These emotional information can accurately describe the student's learning status, 
and it can help teachers adjust the teaching plan. In addition, it can be better to assist teachers to carry out 
personalized teaching. But this is a long-term work, In order to build a more comprehensive classification of 
emotional information in the domain of education, we need to collect the text of the review in each scene of the 
teaching process. In this paper, we collected a number of educational information with rich emotional information, 
based on the data to construct multidimensional sentiment lexicon to verify the feasibility of our method. 

 
Method 

Using word vector 
 

The rise of machine learning brings new ways to natural language processing. Using machine learning to 
deal with natural language must be natural language symbolization, one-hot representation is the most commonly 
used method. This method expresses each word as a very long vector whose dimension represents the size of the 
vocabulary. The vast majority of the dimension in the one-hot representation is 0, and only one dimension is 1. This 
dimension is the current word. There's a flaw in this representation: The arbitrary words represented by this method 
are independent of each other, and there is no correlation between the two words on the word vector. Hinton first 
proposed a distributed word vector representation(Hinton, 1986), which is widely used in Deep Learning. This 
method of distributed word vector representation uses words as a low-dimensional real vector. The advantage of this 
method is that semantic similar words are closer in distance and can reflect the correlation between different words, 
thus indicating the dependency between words. Mikolov et al.(Mikolov, Sutskever, Chen, Corrado, & Dean, 
2013)Proposed CBOW model and Skip-gram model on the basis of Word Representation. The common advantage 
of these two models is that they can get high quality word vectors from scale data and better describe the 
correlations between different words.(Mikolov, Chen, Corrado, & Dean, 2013). In this paper, we use these two 
models to get the context-related word vector. 

 
Seed words selection 

 
American researcher Ekman& Friesen (Ekman & Friesen, 1975) found that humans have six basic 

emotions that are surprise, fear, disgust, anger, happiness, and sadness. These six basic emotions can be combined 
with each other into other emotions. Xu et al(Xu et al., 2008). On the basis of Ekman's research, the emotion of 
happiness is divided into happiness and good. Therefore, Xu et al. construct the sentiment lexicon contained 7 
categories of sentiment lexicon. This article will use Ekman emotional classification method, the sentiment words 
classification six categories. The seed word is selected from DUTRI. Because many of the sentiment words in the 
DUTRI are not used in the domain of education, we have chosen strong polar sentiment words as the seed words.  

Multi-dimensional classification of sentiment words based on word vector corpus and existing six 
classification general sentiment lexicon 

The basic sentiment lexicon generally divides the sentiment words into positive and negative. In the 
English dictionary WordNet-Affect Word Word-based extended sentiment vocabulary will be divided emotions into 
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happiness, sadness, anger and fear of four basic emotions(Strapparava & Valitutti, 2004). In this paper, we propose a 
Multi-dimensional classification of Chinese sentiment words, and extract sentiment words using seed words 
containing six kinds of emotions such as surprise, fear, disgust, anger, happiness, and sadness. The extraction 
process of the sentiment words is shown in Figure 1. Word2vec can train the vocabulary of the opinion text into a 
word vector with context semantics, and by calculating the word vector of the words. If two word vectors with 
greater cosine, they have higher semantic similarity. In this study, the words with the highest similarity to the seed 
words are the sentiment words that we have to be emotionally classified. 

 
Figure 1. The extraction process of the sentiment words 

 
In the previous step, we use the seed words to extract the sentiment words with similar emotional 

categories to the seed words. But these sentiment words may be repeated in other emotional categories of 
vocabulary. For example, "很差" means Very bad, it may exit in ‘sadness’ and ‘disgust’ kinds of emotions at the 
same time. In this paper, we propose an automatic classification algorithm to determine the categories of sentiment 
words, and these sentiment words are unique in each category. The automatic classification algorithm for sentiment 
words is shown in algorithm 1: 
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In the algorithm, the emotional category of sentiment word W - fear, disgust, anger, happiness, and sadness 

are expressed by Wsu, Wf, Wd, Wa, Wh, Wsa respectively. We use w1 ... w6 to denote the similarity of between the 
sentiment word W and the six kinds of seed words. We use the emotional category corresponding to the maximum 
Wi (i = 1, 2, 3, 4, 5, 6) to represent the emotional category of W. For example, if W1 is the maximum, the emotional 
category of W is ‘surprise’. 

Data collection 
 

In the domain of Chinese education, there is no general data set for the extraction of sentiment words. In 
this study, we obtained review message from the online education platforms Mooc college 
(http://mooc.guokr.com)and Tencent class (https://ke.qq.com), which is very popular in China. We have 
crawled 8096 review message on both platforms, which mainly expresses the evaluation of the teaching content of a 
course. These reviews contain both positive and negative content, so these comments contain many words with 
sentiment orientation. 

In the course of the experiment, we used the general sentiment lexicon DUTIR, NTUSD, and HowNet. Part 
of sentiment words from DUTIR as seed words in our experiment. In the experiment, we compared the DUTIR in 
the various types of sentiment words in the frequency of comments. We found that the categories of 'anger' 
sentiment words in our collection of comments data almost did not appear. So in the experiment we did not produce 
an sentiment words associated with ‘anger’. In our research, we selected a total of 328 seed words. 

 
Experiments and results 

 
In this selection, we will introduce the parameters used in the experiment. Then we introduce the extraction 

process and classification result of sentiment words. We first use the word2vec tool, all the words in the comment 
represented by the vector. The parameters in the vector training process are set as follows: Vector size = 150, min 
_count = 5, Window size=5, alpha = 0.05, Negative Sampling= CBOW. 

The experiment is based on our proposed method to automatically extract the sentiment words and realize 
the multidimensional classification, we achieve a total of 1847 sentiment words. These words are divided into 
sadness (contain 114 sentiment words), disgust (contain 404 sentiment words), surprise (contain 26 sentiment 
words), fear (contain 58 sentiment words), and happiness (contain 1245 sentiment words) 5 categories. In order to 
verify the automatic selection and classification of sentiment words, we use artificial annotation method to verify the 
accuracy of these emotional words. The results of the manual verification are shown in Table 1 below: 
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Table 1.  Accuracy of sentiment words multidimensional classification 

category sadness disgust surprise fear happiness 
The 
quantity 
of 
sentiment 
words 

114 404 26 58 1245 

Correct 
quantity 

90 300 22 40 1130 

Accuracy 
rate 

0.789 0.743 0.846 0.690 0.907 

 
Table 1 shows that the accuracy rate of the method is very high in the recognition of the 'happiness' of the 

category of emotion: 0.857. The accuracy of other emotional categories is also well demonstrated. The experimental 
results show that the method we proposed can be used to automatically extract sentiment words and classify the 
multidimensional degree in the text. 

Compared with the general sentiment lexicon, the sentiment words in the domain of education are only a 
small number of words exist in the general sentiment lexicon. The proportion of sentiment words in the general 
emotional dictionary is shown in table 2 . 

 
Table 2. Compared with the general sentiment lexicon 

General 
sentiment 
lexicon 

DUTRI NTUSD HOWNET 

Coexistence 
quantity 

409 367 385 

Proportion 0.221 0.200 0.208 

 
It can be seen from Table 2 that there are only a small amount of words in the domain of education and the 

general sentiment, that is, most of the sentiment words contained in the general sentiment lexicon do not exist in the 
domain of education. In the domain of education, many sentiment words are not exit in the general sentiment 
lexicon, such as '听不懂' and '听的懂', their meaning is ' not understand ' and ' understand ', they represent a 
negative or positive emotional state. The sentiment lexicon in the domain of education will be more effective in 
expressing the emotional state contained in the opinion text of education. 

 
Application case 

 
Sentiment analysis based on emotional dictionary can effectively measure the sentiment orientation of the 

text. In this paper, we build a visualization of the opinion text in the sentiment analysis platform. For example, 
students express their opinions through a comment window or an instant communication window in an online 
learning course. Teachers can perform affective analysis tasks according to the opinion text in the back end. Then 
teachers can see the result as picture 2, picture 3 and picture 4: Opinion text Visualization 
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Figure 2. Opinion text Visualization 

 

 
 

Figure 3. Statistical tables of sentiment analysis 
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Figure 4. Statistical tables of sentiment analysis 

 
The results of the sentiment analysis visualization can be more intuitive to see the student's learning state. 

Teachers can adjust the teaching plan according to the statistical results, and stimulate students' interest in learning. 
 

Conclusion and discussion 
 

In this paper, we focus on constructing of multidimensional sentiment lexicon automatically. The lexicon 
makes up for the lack of sentiment lexicon in the domain of Chinese education. Experiments show that our proposed 
method can quickly and effectively extract sentiment words from a large number of educational domain opinion text, 
and our method effectively achieves multi-dimensional classification of sentiment lexicon. It is significance to 
construct multi-dimensional sentiment lexicon to analyze the students' online learning opinion text.  

The words form multi-dimensional sentiment lexicon can be more detailed description of the performance 
of the text of the emotions. The emotional analysis of the educational emotion dictionary based on multi-
dimensional sentiment lexicon has a more effect on the recognition of learners' opinion text which contained the 
learning motivation, the learning needs and the learning needs. However, there are still many improvements in the 
process of automatically building sentiment lexicon. In the experimental process, the opinion text used to construct 
sentiment lexicon is small and the sample range of corpus is limited. The corpus of the experiment is limited only to 
the environment of online learning, and the corpus of the traditional classroom is not included. In addition, there are 
some improvements in the parameters of word vector training in experiments. Word2vec is born in the English 
world, and English and Chinese have a greater difference, Therefore, there is room for optimization in the training of 
the parameters of Chinese corpus.  In future work, we will continue to optimize the sentiment lexicon in the domain 
of education and apply it to sentiment analysis. 
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