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Human behavior is greatly affected by emotions. Human behavior can be predicted by
classifying emotions. Therefore, mining people's emotional tendencies from text is of great
significance for predicting the behavior of target groups and making decisions. The good
use of emotion classification technology can produce huge social and economic benefits.
However, due to the rapid development of the Internet, the text information generated on
the Internet increases rapidly at an unimaginable speed, which makes the previous
method of manually classifying texts one by one more and more unable to meet the actual
needs. In the subject of sentiment analysis, one of the most pressing problems is how to
make better use of computer technology to extract emotional tendencies from text data in
a way that is both more efficient and accurate. In the realm of text-based sentiment
analysis, the currently available deep learning algorithms have two primary issues to
contend with. The first is the high level of complexity involved in training the model, and
the second is that the model does not take into account all of the aspects of language and
does not make use of word vector information. This research employs an upgraded
convolutional neural network (CNN) model as a response to these challenges. The goal of
this model is to improve the downsides caused by the problems described above. First, the
text separable convolution algorithm is used to perform hierarchical convolution on text
features to achieve the refined extraction of word vector information and context
information. Doing so avoids semantic confusion and reduces the complexity of
convolutional networks. Secondly, the text separable convolution algorithm is applied to
text sentiment analysis, and an improved CNN is further proposed. Compared with other
models, the proposed model shows better performance in text-based sentiment analysis
tasks. This study provides great value for text-based sentiment analysis tasks.
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Abstract

Human behavior is greatly affected by emotions. Human behavior can be predicted by
classifying emotions. Therefore, mining people's emotional tendencies from text is of great
significance for predicting the behavior of target groups and making decisions. The good use of
emotion classification technology can produce huge social and economic benefits. However, due
to the rapid development of the Internet, the text information generated on the Internet increases
rapidly at an unimaginable speed, which makes the previous method of manually classifying
texts one by one more and more unable to meet the actual needs. In the subject of sentiment
analysis, one of the most pressing problems is how to make better use of computer technology to
extract emotional tendencies from text data in a way that is both more efficient and accurate. In
the realm of text-based sentiment analysis, the currently available deep learning algorithms have
two primary issues to contend with. The first is the high level of complexity involved in training
the model, and the second is that the model does not take into account all of the aspects of
language and does not make use of word vector information. This research employs an upgraded
convolutional neural network (CNN) model as a response to these challenges. The goal of this
model is to improve the downsides caused by the problems described above. First, the text
separable convolution algorithm is used to perform hierarchical convolution on text features to
achieve the refined extraction of word vector information and context information. Doing so
avoids semantic confusion and reduces the complexity of convolutional networks. Secondly, the
text separable convolution algorithm is applied to text sentiment analysis, and an improved CNN
is further proposed. Compared with other models, the proposed model shows better performance
in text-based sentiment analysis tasks. This study provides great value for text-based sentiment
analysis tasks.

Introduction
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As an important carrier of information dissemination, the Internet has made self-media platforms an
important way for more and more people to express their opinions and express their emotions. At the
same time, more and more information carriers are available for the public to choose and use. The way
people obtain information has changed from traditional media such as radio and television to new self-
media platforms such as Post Bar and Tik Tok. He has a lively discussion on the information and news
events published on the Internet, and expresses his own opinions. At present, the self-media platform has
occupied an irreplaceable leading position in the dissemination of social information. Currently, the data
is showing explosive growth. We-media has become a vital way for current internet users to watch the
world, comprehend society, investigate themselves, and express their needs. These features include
convenience, autonomy, and equality. As the main force in the huge group of netizens, college students in
adolescence not only have the characteristics of impulsiveness and sensitivity, but also are interested in
new things and are easy to accept. However, due to incomplete ideology and single learning experience,
college students are easy to be used. College administrators can only genuinely join the lives of students
and design policies that are targeted at their needs if they have a current awareness of the ideological
dynamics of college students as well as a comprehensive understanding of the concerns that college
students have. It is of the utmost importance to gain an accurate understanding of the ideological
dynamics of college students and to increase the monitoring and management of the concerns of college
students [1-2].

Sentiment analysis of college students [3-5] is very important for schools to manage students, and the
core of sentiment analysis is accurate emotion recognition. At present, the research related to emotion
recognition has been relatively mature. In the aspect of sentiment classification based on sentiment
dictionary, the literature [6] constructed a Japanese-based sentiment dictionary. Literature [7-9] used
different machine learning algorithms [10-12] to integrate with emotion dictionaries to improve the
accuracy of emotion recognition. Some scholars use machine learning algorithms alone for sentiment
classification, which is faster. Literature [13] combined support vector machine and Bayesian machine
learning models for sentiment analysis of text information. Literature [14] uses a naive Bayesian
classification algorithm to perform sentiment analysis on microblog data. A method for cross-domain text
sentiment analysis is proposed in the aforementioned piece of literature [15], and it takes into account the
unique properties of texts from other domains. The issues of text noise characteristics and the size of the
training set are both efficiently resolved with this strategy. It is also very common practice to apply deep
learning algorithms when conducting sentiment analysis. An N-gram model is proposed in the
aforementioned piece of scholarly writing (16), and it is classified by stacking three-layer neural network
models. This significantly reduces the dimension of word vectors. The problem of sentiment classification
is solved using the long-short-term memory model (LSTM) in the cited piece of literature [17]. LSTM has
been enhanced based on RNN, and it is now able to successfully obtain contextual information. A
combined model of neural networks is proposed in the aforementioned piece of literature [18]. When
training word embedding representations using this model, the contextual information features learned by
LSTM and the features gained by CNN are mixed in order to provide features that are more appropriate
for the text. This approach is utilized in a variety of different categories of feelings. An innovative
concept for further study has also been presented in addition to the substantial progress that has been
made in the work.

There are several problems with the above text sentiment analysis methods. First, although the effect of
sentiment analysis is relatively accurate, the model used is complex and the time complexity is high.
Second, although the model is simple and easy to implement, the effect of sentiment analysis is general.
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Third, the object of sentiment analysis is not aimed at specific groups and has no practical reference
value. Based on the above situation, this paper intends to use an improved CNN model for text emotion
recognition, so as to obtain a text emotion analysis system for college students. The following is a list of
the primary contributions that this paper makes:(1) Use the text separable convolution algorithm to
perform hierarchical convolution on text features to achieve refined extraction of word vector information
and context information. Doing so avoids semantic confusion and reduces the complexity of
convolutional networks. (2) The text separable convolution algorithm is applied to text-based sentiment
analysis, and an improved CNN model is further proposed.

Materials & Methods
Typical Text Sentiment Analysis Methods

The fundamental component of text sentiment analysis is the classification of sentiments according
to the information that is expressed by text data. Standard approaches to sentiment analysis can be broken
down into three distinct categories: those that are founded on sentiment dictionaries, those that are
founded on machine learning, and those that are founded on deep learning. The use of sentiment
dictionary method for sentiment classification is the most primitive technical means in text sentiment
classification. The advantage of this method is its flexibility, because we can build different sentiment
dictionaries according to different scenarios and different needs. However, as a result of advances in
technology and shifts in social mores, the text is becoming progressively less structured, and the
emotional underpinnings of the majority of texts are no longer readily apparent. The use of a sentiment
dictionary for the purpose of sentiment classification has not produced the effect that users had
anticipated; hence, at this time, the method of sentiment classification that is based on machine learning
was developed and is now extensively utilized. The text sentiment analysis shown in Figure 1 is presented
in the form of a schematic diagram based on sentiment dictionary.

However, each of these approaches do have some potential downsides. The update speed of the
method of a sentiment dictionary is slow and cannot keep up with the times, which means that the
accuracy of sentiment classification is closely related to the size of a sentiment dictionary and the
accuracy of manual annotation. In addition, the size of a sentiment dictionary directly influences the
accuracy of manual annotation. There is a significant amount of human processing effort involved in the
feature engineering of sentiment categorization systems that are based on machine learning. When there is
an excessive volume of data, the efficiency will be very poor or it may even be impossible to achieve.
Despite the fact that the machine learning model is straightforward, it has a limited capacity for
generalization and a weak classification effect. The text sentiment analysis based on machine learning is
shown here by a schematic, which can be found in Figure 2.

Deep learning algorithms outperform sentiment dictionaries and machine learning algorithms in
classification performance. However, deep learning algorithms also have their inherent problems, such as
time-consuming algorithm operation, high algorithm complexity, too many parameters to be adjusted, and
algorithm sensitivity to parameters. Scholars have also successively optimized and improved deep
learning algorithms from the above levels to further improve their sentiment analysis effects on texts.
Figure 3 presents the results of a sentiment analysis of text based on deep learning.

Convolutional Neural Network Model
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The CNN is an example of a feedforward neural network, which is a type of neural network that is
highly representative of deep learning. Compared with other neural networks, the convolution and
pooling structures of CNN require relatively few parameters to debug, and have excellent performance in
sentence matching recommendation systems, semantic processing, text classification and other fields. In
2014, Kim proposed the Text-CNN model, which uses multiple convolution kernels to extract features
similar to N-gram for text, and achieved good results in the field of short text classification. The overall
network architecture of the model is shown in Figure 4.

The Text-CNN model is made up of four distinct components, which are the input layer, the
convolution layer, the pooling layer, and the fully connected layer. The matrix that corresponds to the
document serves as the input for the model at the model input layer. Generally, the word is first mapped
into a word vector with a fixed length of d through the Word2Vec model, and then the document is
truncated or supplemented into a text with a length of 1. In this way, the entire document can be
represented in the form of a matrix of size 1 * d. The contextual N-gram features of sentences are then
captured by convolutional layers. The difference from the commonly used image convolution kernels is
that the Text-CNN model transforms the traditional k x k convolution kernels into k x d convolution
kernels suitable for text classification, where k is the convolution kernel window size. This can ensure
that the word vector information will not be truncated during the convolution process and maintain the
integrity of the semantics. The feature map that is produced by the convolutional layer is then sent to the
pooling layer, where the downsampling operation is used to select features and filter information in order
to accomplish dimensionality reduction, the removal of redundant information, and the simplification of
network complexity.

Text sentiment analysis model based on improved Depthwise

Separable Convolution Neural Networks
Improved Depthwise Separable Convolution Neural Networks

A word vector is a comprehensive reflection of the meaning of a word. Unlabeled data training is
destined to be a semantic representation that combines polysemy and all contextual information. So even
the simplest linear model, such as Fast-Text The model can also achieve good classification results. In
view of the problem that the existing deep learning model cannot make full use of the word vector
features and the model complexity is too high, this research divides the traditional convolutional layer
into two layers, one layer performs word embedding convolution, extracts word vector features, and the
other layer Perform regional convolution to extract contextual features.

The depthwise separable convolution algorithm first appeared in the Mobile Net [19] model in the
field of image classification. In [20], a decomposable convolutional network is used to realize the
lightweight conversion of the traditional SSD network, which greatly reduces the complexity of the
network. Figure 5 presents the depthwise decomposable convolution structure in the Mobile Net model.
The model employs depthwise convolution filters and 1x1 convolution filters instead of traditional image
standard convolution filters. But the image convolutional network structure is not suitable for text. Since
for an image, the correlation between any pixel and surrounding pixels is probabilistically equal, it is
feasible to use a convolution kernel of size C,, x C,. But for text, the word vector of a word and the
context in which the word is located are completely different considerations, and the two cannot be
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confused. Therefore, it is inappropriate to use a convolution kernel of size C,, X C,, or C,, X d, where C,
represents the size of the convolution kernel, and ¢ represents the dimension of the word vector.

Aiming at the structural features of text and the idea of depthwise separable convolution, this study
proposes a separable convolution algorithm suitable for text. First, the text separable convolutional
network retains the advantage of low complexity of the image separable convolutional network. Second,
the model realizes the hierarchical extraction of text features, which ensures the integrity of the word
vector information during the convolution operation. It can make full use of text features and reduce the
semantic ambiguity caused by polysemy and other phenomena. Figure 6 shows how the standard text
convolution filters are decomposed into word embedding convolution filters and region convolution
filters.

First, after text preprocessing and vectorization operations, the size of the sentence is m x ¢ x 1. The
standard text convolution kernel size is C,, X ¢ X 1 x §, where m is the text length, c is the word vector
dimension, and C,, is the window size of the convolution kernel, S is the number of output channels.
Therefore, the computational cost of text standard convolution is

mxcxIxC xex1xS§ €]

The text separable convolution algorithm emphasizes that the connection between the dimensions of
the word vector is different from the contextual connection between words. Second, regional convolution
is applied to obtain regional features of each word to analyze the local content of its context. The word
embedding convolutional layer uses a convolution kernel with a size of 1x ¢ x1xT, and the calculation
amount of the convolution process is:

mxcx1xIxex1xT 2)

After the first iteration of the convolutional algorithm, the size of the feature map that is obtained is
1x1xT.. In the second step, the size of the regional convolution kernel is calculated as follows: C,, x 1 x T
x S, where T is the number of word embedding convolution kernels and S is the number of regional
convolution kernels. In other words, the size of the regional convolution kernel is determined by the
product of these two numbers. Applying this to the feature map above, the computational cost of this
convolution process is:

mxIxIxTxC xIxT xS 3)
Therefore, the total computational cost of the text decomposable convolutional network is:
mxcxexT+mxTxC xT xS 4)
By simplifying Eq.(1), the complexity of the traditional text convolutional network becomes:
mxcxC, xcx§ &)

Therefore, by expressing the traditional text convolution as a two-step convolution process of word
embedding convolution and region convolution, the reduction in computation is as follows:
mxcxC, xcx§ T T

= +
mxcexexT+mxTxC xT'xS SxC, cxc

(6)

Taking S=T7, and S is the same order of magnitude as ¢, and C,, is much smaller than ¢, Eq. (6) is
simplified as follows:

T T 1
+ ~N— (7)
SxC, cxc C,
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1
Eq. (7) shows that the complexity of the text separable convolution algorithm is C_ of the

traditional convolution algorithm. This shows that the practical application value of the separable
convolution network in the field of text analysis and processing is much higher than that of the traditional
convolution algorithm from the perspective of mathematical analysis. Traditional Convolutional
Networks. Therefore, from the perspective of model complexity, the text sentiment analysis model based
on separable convolutional network is more superior than other deep learning models.

Text sentiment analysis model

A model for analyzing the sentiment of text is built by combining the detachable convolutional
network described in Section 3.1 with Softmax. Figure 7 provides a visual representation of the structure
of the text sentiment analysis model.

The conventional CNN methodology is used for the processing of the first input layer here. The
preprocessed sentence is mapped into a vector matrix through the Word2Vec model, which is convenient

for subsequent convolution operations. Let x, € R® denote the word in the sentence with the ith vector of

dimension ¢. x € R™“ denote the input sentence with sentence length m. Therefore, the training text of
length m can be expressed as:

x:[xl,xz,...,xm] ®)

The purpose of the second layer of word embedding convolutional layers is to handle word sense and

contextual meaning separately. Doing so enables the convolution kernel to focus on analyzing the
semantic content of words, thereby extracting fine-grained textual features. This part of the word

Ixc

embedding convolution operation weight Z1€ R™ . A convolution kernel is applied to a single word
vector to generate new features that contain only information about the single word. As an illustration, a
word feature f1 is produced when a word x; is used:

fli:h(lexl.+gl) 9)
where gl e R is the bias term, which is mainly used for the word embedding convolution kernel. /4

refers to nonlinear functions such as tangent, sigmoid, etc., because RELU can avoid gradient explosion
and gradient disappearance within a certain range. In the model, RELU is used as the activation function
h. Eq. (9) is applied to all word embedding convolution kernels to generate feature map f1:

S1=011, /1, 11, ] (10)
f1le R"™, where f1 represents the word vector information feature of the text after word embedding
volume. The third layer is the regional convolution layer, whose purpose is to obtain the contextual

features of words based on the word information of the previous layer. The filter Z2 e R of this
partial region convolution operation is applied to the ¢l feature map to capture the contextual features of

each word. For example, feature f2; is generated from window [fll. s f L __1] by Eq.(11):

12, =h(Z2x[f1,.y, 1+ 82) (11)

g2 is a bias term for the f1 feature map. The activation function /% adopts the RELU function. The
filter is applied to each possible window of the word embedding feature, and the resulting feature map is
as follows
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f2=[f21,f22,...,f2mfwﬁl] (12)

Where f2eR" ", which represents all the contextual information features of the text after

regional convolution.

The fourth layer of pooling layer, its purpose is to further extract f2 features and realize feature
dimensionality reduction. Improve model generalization ability by reducing model complexity. The most
common pooling operations are average pooling and max pooling. In this paper, the maximum pooling is
selected, that is, the maximum value in the feature map is selected as the final value after pooling in this
area, because the maximum pooling can reduce the estimated mean shift caused by the error of the
convolutional layer parameters. Through the pooling layer, the most important context information is

selected to represent the entire text feature, and several one-dimensional vectors are obtained. ]9/ 2 is used

to represent the max pooling feature:
/%2 = max {c2} (13)
Due to the existence of the number of regional convolution kernels, 12/ 2eR". jg/ 2 characterizes the

finally obtained comprehensive text features. The last layer is the fully connected layer. The 12/ 2 feature

applies dropout to the fully connected layer, and the layer weight vector Z3 is constrained by L2
regularization. Dropout can make the activation probability of some neurons fixed on the e value, and the
e value ranges from 0 to 1. Therefore, the model does not depend too much on some local features in the
forward transmission process, which makes the model more robust and generalizable. Added L2
regularization to prevent overfitting more effectively. That is, Eq.(15) can be used instead of Eq.(14) to
represent the output unit y of the forward transmission.

y=273% 9+ g3 (14)
y:Z3><(jg/2'v)+g3 (15)

where g3 is also a bias term. -is the element-wise multiplication operator. v € R®is the masking
vector of the Bernoulli random variable. A probability of 1 indicates dropout, realizing that gradients are
propagated only through unmasked units. Finally, the output unit y gets the final classification label
through the Softmax classifier.

Experimental Analysis and Discussion
Experimental setup

This paper plans to grasp the emotional state of college students through text emotion recognition, so as
to better assist colleges and universities to manage college students' study and life in school. As a result,
the text sentiment data of college students was compiled by the authors of this research in order to
validate the usefulness of the model that was applied. Whether it be an experiment using a publicly
available dataset or one with a dataset that the author has created themselves, the experimental
environment described in this study adheres to the environment provided in Table 1:

Public dataset experiments
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The public dataset used in this article is Chnsenticorp. The number of sentiment classifications for
this dataset is 2, positive and negative. The sentiment label of positive text is 1, and the sentiment label of
negative text is 0. Some experimental data samples are shown in Table 2.

60% of the dataset is used as the training dataset and 40% as the test dataset. The evaluation
indicators use Accuracy, Precision, Recall. Several classic deep learning models are selected for the
comparison model, namely CNNJ[21], Recurrent Neural Network (RNN[22], LSTM[23], BiLSTM[24],
Text-CNN [25]. Table 3 displays the results of the experiments conducted on each model using the
publicly available dataset:

Following are some of the findings that can be drawn from an examination of the data shown in Table 3:
(1)For the Accuracy indicator, the results obtained by each model exceeded 0.85. The experimental data
obtained by several classical algorithms such as CNN, RNN, LSTM, and BiLSTM were similar, and the
BiLSTM model obtained the best results. BILSTM adds a gate mechanism and memory unit on the basis
of RNN, which effectively prevents gradient explosion and gradient disappearance. At the same time, it
better captures long-distance dependencies, and BiLSTM can capture bidirectional semantic
dependencies. This does, in fact, result in an improvement in the overall performance of the model.

(2) The Precision index values obtained by each model are lower than the Accuracy value. The reduction
of RNN is significantly lower than that of CNN, which is why this paper chooses CNN as the basic
model. For the Text-CNN model that performs well on the Accuracy indicator, its Precision indicator
value is obviously not ideal. The model used in this paper is improved by 3.08% on the basis of Text-
CNN.

(3) For the Recall indicator, the proposed model is improved by 8.29%, 6.8%, 8.3%, 7.1%, and 4.21%,
respectively, compared with CNN, RNN, LSTM, BiLSTM, and Text-CNN. Good performance shows
that the model has good robustness.

Self-made dataset experiment

This study crawled the data in the on-campus post bar of a university in Jiangsu Province, and
randomly selected 1000 posts from the data. 4 people categorize posts sentimentally into two categories,
positive and negative. This post data is kept only if 4 people give the same category tag, otherwise, the
post will be discarded. Finally, 16,268 posts were retained as experimental data. There are 12000 posts
that are chosen at random to be used as training data, while the remaining posts are used as test data. The
comparative model agrees with the model that was utilized in the experimental data that is freely available
to the public. The results of the experiments performed on the data collected by oneself are presented in
Table 4 as follows:

RNN has the worst performance when it comes to the recognition performance of the self-made
dataset. The experimental findings achieved by the BiLSTM model are comparable to those obtained by
Text-CNN. The suggested model exhibits an increased accuracy of 2.55% and 2.27% when compared to
the BILSTM and Text-CNN models, as well as an improvement in precision of 2.21% and 2.19%, and an
increase in recall of 4.5% and 3.95% respectively. All three of the assessment indexes point to the fact
that the suggested model has the most successful influence on emotion recognition in written text. This
shows that the proposed model performs hierarchical convolution on text features, and can indeed achieve
refined extraction of word vector information and context information. Doing so avoids semantic
confusion and reduces the complexity of convolutional networks. The improvement of the model can
solve the text sentiment analysis task well, which further verifies the effectiveness of this work.
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Conclusion

For a long time, understanding and mastering the thoughts and emotions of college students in a
timely manner is a content that college administrators are very concerned about. It is a popular trend to
understand the concerns of college students by mining social data of college students. With the explosive
growth of massive data, self-media platforms have gradually become the main place for college students
to disseminate information around them in a timely manner, and to publicly publish their life experiences
and speeches in colleges and universities. Therefore, it is of great significance to conduct sentiment
analysis on the concerns of college students. A text sentiment analysis method is proposed in this paper in
order to achieve a deeper understanding of the psychological and emotional dynamics that are present
among college students. The classification of the sentimental tendencies of text data is accomplished by
the utilization of an enhanced convolutional neural network by the system, which in turn allows for an
analysis of the emotional dynamics of the individuals who published the text. The most important points
discussed in this article can be summed up as follows: In order to accomplish the refined extraction of
word vector information and context information, the text features are first convoluted hierarchically by
using the text separable convolution technique. When this is done, semantic confusion can be avoided,
and the complexity of convolutional networks can be reduced. Second, an enhanced convolutional neural
network model is proposed, and the text separable convolution technique is used to the process of
analyzing the sentiment of text. When compared to other models, the performance of this model in the
text sentiment analysis task is significantly superior. However, there are several issues that still need to be
improved upon in this paper in order to make it more optimal.
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2 Table 1 Description of experimental environment
Experimental Environment Details
software Programming language: Python3.7

Development platform: Anaconda3
Third-party libraries: jieba, Numpy, Pandas
hardware Operating System: Windows 10 Professional
Processor: Intel(R) Core(TM) i3-3120M CPU @2.50 GHZ
Memory: 8G
Hard disk: 1T
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Example of experimental data

Peer] Comput. Sci. reviewing PDF | (CS-2022:11:79613:0:2:NEW 23 Nov 2022)



PeerJ Computer Science Manuscript to be reviewed

1 Table 2 Example of experimental data
Text Details Sentiment Labels
Very nice hotel, | have stayed many times. 1
The hotel facilities are very old, the bathroom is 0

really dirty, and there is no elevator.
The room is too small, other facilities are average. 0
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Experimental results on public datasets
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Table 3 Experimental results on public datasets

Index\Model CNN RNN LSTM BIiLSTM Text-CNN  proposed
Accuracy 0.8576 0.8632 0.8465 0.8617 0.8963 0.9136
Precision 0.8375 0.8376 0.8326 0.8485 0.8694 0.8962
Recall 0.8023 0.8135 0.8022 0.8112 0.8337 0.8688
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Experimental results on self-made datasets
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Table 4 Experimental results on self-made datasets

Index\Model CNN RNN LSTM BiLSTM Text-CNN  proposed
Accuracy 0.9127 0.9032 0.9195 0.9338 0.9363 0.9576
Precision 0.8994 0.8839 0.9011 0.9296 0.9297 0.9501
Recall 0.8835 0.8787 0.8940 0.8961 0.9008 0.9364
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Figure 1

Schematic diagram of text sentiment analysis based on sentiment dictionary
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Figure 2

A diagram of how machine learning is used to analyze the mood of text
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Figure 3

A diagram of how deep learning is used to analyze the mood of text
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Figure 4

Text-CNN structure
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Figure 5

Image decomposable convolution structure
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Figure 6

Text decomposable convolutional structure
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Figure 7

Structure of text sentiment analysis model
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