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With information technology pushing the development of intelligent teaching environments, the online teaching
platform emerges timely around the globe, and how to accurately evaluate the effect of the “any-time and
anywhere” teacher—student interaction and learning has become one of the hotspots of today’s education research.
Bullet chatting in online courses is one of the most important ways of interaction between teachers and students.
The feedback from the students can help teachers improve their teaching methods, adjust teaching content, and

schedule in time so as to improve the quality of their teaching.

sentiment analysis attention mechanism

| 1. Introduction

In recent years, network technologies, such as the Internet, the Internet of things, and big data, have developed
rapidly, and network platforms for e-commerce, social communication, and education are emerging timely. These
platforms have not only enriched our daily life but also changed our ways of working, studying, and living. The
sentiment comment texts on the network platform reflect people’s opinions on something. Thus, how to effectively
use these opinions has become an important factor in improving service quality. In education, many countries have
shifted their offline teaching to online teaching due to the global COVID-19 pandemic 2. Compared with the
traditional offline classroom, online education has the advantages of lower costs, flexible forms, and fewer
geographical restrictions B4, |ts promotion and application increase the equity of higher education, realize
knowledge sharing, improve the effectiveness and efficiency of decision-making, and make higher education more
open B, In order to further evaluate the quality of teaching and strengthen the interaction between teachers and
students, a large number of teaching platforms, such as China Universities MOOC and Tencent Classroom, have
provided the bullet chatting function. The bullet chatting imbued with sentiment information plays an important role
in the teaching process. Through students’ feedback, teachers can know what points students are weak in. School
administrators can dynamically adjust the knowledge points, teaching plans, teaching objectives, and teaching staff
structure of the courses based on the sentiment analysis of comment texts. Therefore, how to leverage useful
information from comment text with sentiment information has become one of the hot research directions in natural

language processing &,

Sentiment analysis is used to judge the sentiment polarity (positive, neutral, or negative) of reviews. Since Pang et
al. studied the sentiment analysis of film reviews, sentiment analysis technology has been widely used in the
business community J. As an emerging educational approach in the era of information technology, online courses

have attracted many educators and learners around the world with their advantages of spanning time and space
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and flexible learning methods. Comments, as the most direct way of interactive feedback in online courses, are of
great significance in improving the quality of teaching, reducing the dropout rate, and promoting the sustainable
development of online courses BIEIIL0 5o sentiment analysis is also very important in the field of education, but
very few researchers do sentiment analysis in online course reviews, and even public data sets on this are very

scarce.

There are three main methods of sentiment analysis: sentiment analysis based on sentiment dictionaries and rules,
sentiment analysis based on traditional machine learning, and sentiment analysis based on deep learning 2. Soe
et al. further calculated sentiment scores to achieve the purpose of analyzing students’ emotions through a part-of-
speech tagging analyzer and vocabulary resources 22, The second type of sentiment analysis method recognizes
sentiment through constructing features artificially and using naive Bayes, maximum entropy, and support vector

machine and other classifiers.

With the development of deep learning and the improvement in text representation methods based on deep
learning, many researchers began to study the application of deep learning to deal with text sentiment analysis.
Represented by RNN, LSTM, and other classical neural networks, deep learning-based sentiment analysis
methods can not only solve the shortcomings of traditional machine learning but also have significant classification
effects. CNN can obtain the local information of a text, whereas recurrent neural networks such as LSTM can
obtain the global information of a text. On the one hand, sequence-based neural networks such as LSTM have
been restricted by the sequence length and computational memory. Attention mechanisms, on the other hand,
could alleviate this problem since it allows modeling of the dependency output sequence without considering the
distance between texts 13I14I151 As 3 result, there are some sentiment analysis methods that use classical neural

networks combined with an attention mechanism.

| 2. Sentiment Analysis of Comment Texts

Based on deep learning, there are two major categories of sentiment analysis models: graph-based models and

sequence-based models.

The TextGCN model proposed by Yao et al. was the first time to use GCN in text classification (sentiment analysis)
(16 Two graphs were employed by that study as effective tools. The one named PMI was used to construct the
relationship between words, and another named TF-IDF was used to construct the relationship between
documents and words, and then the text category was obtained by the classifier. Then, Ragesh et al. 22! and Galke
et al. 18 developed HeteGCN, which combined features of predictive text and TextGCN; It means the adjacency
matrix was split into word documents and word submatrices, and the representations of different layers were fused
as needed. Subsequently, HyperGAT was brought forward by Ding et al., from which an edge can connect multiple
vertices 19, So the text information was transformed into a hypergraph between nodes and edges, and the
information between each layer was aggregated by dual attention. At last, tensorGCN was presented by Liu et al.
(201 This model constructed multiple graphs to describe semantic, syntactic, and contextual information and

improved the effect of text classification through learning intra-graph propagation and inter-graph propagation.
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Some studies have found that in recent years, most of the new methods for sentiment analysis (text classification)
are based on GCN, while transformer-based sequence models are rare in the literature (18] However, much
empirical evidence shows that transformer-based sequence models outperform GCN-based methods. So here is a
look at some sequence-based text classification methods. After obtaining the representation of each word, Kim
embedded the word into CNN to obtain the sentiment polarity of the text (21, Through the experimental results of a
large number of data sets, he proved the ability of CNN on the task of text classification. After obtaining the text
representation, Liu et al. used an RNN to classify the sentiment of the comment text 22, Wang et al. proved that
LSTM could achieve better experimental results than traditional RNNs in tweet sentiment analysis through
experiments on tweet datasets [231. After acquiring the word representation, the RNNs acquire the phrase
representation and the sentence representation in order according to the syntactic structure. Huang et al. used a
two-layer LSTM to classify the sentiment of tweets and believed that the sentiment polarity of the current tweet was
largely related to the previous and subsequent tweets 241, |f the sentiment polarity is judged by the current tweet
alone, the system would be deceived by its irony and other language expressions. Therefore, the hidden layer
state of the current tweet should be input into a higher-level LSTM to obtain the current tweet representation
containing context information and, finally, obtain the sentiment polarity distribution of the current tweet through the
classifier. Yang et al. used the attention mechanism to aggregate word information to obtain sentence information,
then they used the second layer attention mechanism to aggregate sentence information, in order to obtain the
overall sentiment polarity in the discourse-level sentiment analysis, which fully proved the importance of an
attention mechanism in sentiment analysis [23. Vaswani et al. proposed the transformer model, which once again
proved the importance of an attention mechanism in text classification 3. Since the invention of BERT in 2018,
there has been a lot of research on sentiment analysis based on BERT [28], In Order to solve the negative effect of
mask in BERT, XLNet uses an autoregressive language model instead of an autoencoding language model and
introduces a double-stream self-attention mechanism and transformer-xI [Z4. Compared with BERT, XLNet
achieves better experimental results. ERNIE uses the same coding structure as BERT, but the author thinks that
the random mask mechanism in BERT ignores the semantic relationship to some extent, so the original mask is
split into three parts, the first part retains the original random mask, the second part masks the entity word as a
whole. The last part is to mask the phrase as a whole. Compared with ERNIE, ERNIE 2.0 proposes three types of
unsupervised tasks, which provide the model with a better representation ability of sentences, grammar, and

semantics 28, The performance and advantages of some methods on data sets are summarized in Table 1.

Table 1. Comparison with some methods.

Data (acc)
Model 512 206G R8 R52 Ohsumed MR AL
A heterogeneous graph based on text
Text GCN . 0863 0970 0935 0683 0767 2ndwordsisconstructed, and the semi-
supervised classification of text can be
performed on GCN
HeteGCN - 0.846 0.972 0.939 0.638 0.756 Reduce the complexity of TextGCN
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Data (acc)

Model o515 20NG RS R52 Ohsumed MR

Advantages

Capturing higher-order interactions
HyperGAT - 0.862 0.970 0.950 0.699 0.783 between words while improving
computational efficiency

Rich multi-subgraph feature

TensorGCN > 0.877 0.980 0.951 0.701 0.780 .
representation

More effective way to process

LSTM - 0.754 0.961 0.905 0.511 0.773
sequence data

The vector representation is rich, which
BERT 0.928 - - - - - overcomes the gradient problem of
LSTM when solving long sequence data

Raining models with larger corpora and

ROBERTa  0.937 - i i - i sequences, dynamic MASK mechanism

Autoregressive training method to

XL-n 971 - - - - - .
e 0.9 overcome the shortcomings of bert

Taking advantages of The lexical,
syntactic and knowledge information,
ernie 0.935 - - - - - large-scale text corpora and KGs to
train an augmented language
representation model
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