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[bookmark: _Toc87628320]Abstract:
with the development of mobile technology and the growth of the number of Internet users, the information in the Internet is increasing day by day. Text data is one of the most important forms of this information. Extracting and using valuable subjective information from massive text data is a very popular research topic in the field of natural language processing. Among them, the analysis and Research on the implied subjective emotional tendency in the text can provide useful guidance for user recommendation, public opinion analysis and other fields.
The outbreak of COVID-19 sparked heated debate on the Internet. In such major public emergencies, the public often discusses some controversial issues and contradictions on social platforms. Therefore, the social platform has become an important place to solve these problems and contradictions. There are too many negative emotions in the network environment, and the public obtains information in the network public opinion, which will lead to public anxiety. Therefore, mastering the emotional polarity of network public opinion is particularly important for relevant departments to deal with the supervision of network public opinion.
In order to more accurately determine the emotional polarity of public opinion in the epidemic situation, this paper proposes a public opinion emotional analysis model based on word2vec, a combination of genetic algorithm and two-way short-term memory (LSTM) algorithm. The word2vec model is used to convert the comment text into n-dimensional vector, and the two-way long-term memory network algorithm is used for emotional polarity analysis, Genetic algorithm is used to optimize the parameters of bidirectional long-term and short-term memory network. The experimental results show that the accuracy of the above model is increased by 6.9% and 3.6% respectively compared with word2vec model and bidirectional long-term and short-term memory network model.
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[bookmark: _Toc87628322]1.1 Research background
By December 2020, according to the 47th report of CNNIC, China's Internet penetration rate had reached 70.4%, the number of Internet users had reached 989 million, and the proportion of Internet users using mobile phones had reached 99.7%. These data show that mobile social platforms have become a new source for citizens to participate in public discussions. From traditional media to mobile Internet era, the progress of technology makes people's life faster. Netizens can not only get rid of the limitations of time and space and transfer information quickly and conveniently, but also participate in online expression and public discussion according to their own needs and preferences. They have changed from passive people in the past to leaders, participants and disseminators of information production.
Many people are influenced by emotions in public participation. The media information we browse every day, whether we like it or not, is a part of our real life, which also urges users to participate in daily public discussions. Text is the most common form for users to participate in public discussion. It carries a variety of emotions. Although these emotional responses are individual, they are also influenced by the common cultural and social environment. Therefore, the expression of media emotion sometimes involves common concerns; As the supervisor of network public opinion, emotion can not only reflect personal views, but also construct social views. Because the public will get information from the network public opinion, it will cause public anxiety and produce too many negative emotions in the network public opinion. Therefore, this paper will build an emotion analysis system to analyze the emotional polarity of network public opinion and help relevant departments supervise network public opinion.
At the end of 2019, the outbreak of New Coronavirus also caused heated debate on the Internet. In such a major public emergency, the public often discusses some controversial issues and contradictions on social platforms. Therefore, the social platform has become an important place to solve these problems and contradictions. After the outbreak of the epidemic, they will quickly ferment in the field of online public opinion. Netizens will express some opinions, opinions and express their feelings without thinking, so as to form online public opinion. There are also some emotional catharsis in online public participation, such as human flesh search, abusive attack, public opinion trial, group differentiation and so on. Although these emotional catharsis is not equal to real emotions, they can reflect the social psychology of different groups, convey different interest demands, and imperceptibly affect social development. This is particularly evident in the epidemic. There are more negative emotions in the Internet public opinion, which makes the public more worried about the emergence of the new crown virus, causing anxiety and panic.
Because twitter cannot be logged in and used normally in China, this paper takes the largest and most representative Chinese social platform microblog as the source of data collection. By March 2019, according to the financial data of the first quarter of 2009 released by Sina, the total number of monthly active users of its microblog platform had reached 465 million and the total number of daily active users had also reached 203 million. With the continuous expansion of microblog network users, the influence of microblog on public opinion in society can not be ignored. More and more events such as "COVID-19 -19" and "Sino US trade war" have aroused heated discussions and opinions among many users on micro-blog platform. The topics on the microblog platform cover the participation of the vast majority of Internet users from social events to people's livelihood events, from entertainment circles to academia. When these users publish a large number of online comments on the microblog platform, they will also produce a large number of comment text data. In the background of novel coronavirus pneumonia, we analyze the emotional polarity of micro-blog public opinion reviews, so that relevant departments can accurately grasp the focus of public opinion and the most panic factors of the public, help people to analyze and make decisions, and have the highest events that concern people's attention, effectively intervene and guide public opinion, and achieve scientific warfare. Therefore, the sentiment analysis of micro-blog platform's comment on COVID-19 has very important application value in modern society.
Generally speaking, emotion analysis technology refers to the use of natural language processing, statistical learning or machine learning to study, discover and identify the subjective attitude of text content producers. It has been decades since it was proposed, and has become one of the most active research topics in the field of text mining. Different from ordinary text mining, emotion analysis aims to efficiently and accurately extract deep knowledge from massive data and help all parties make decisions. At the same time, it is also a hot spot and focus in the field of Chinese text mining. However, because the outbreak of New Coronavirus is relatively short, the analysis of the polarity of the epidemic is a relatively new research topic. However, many countries have adopted the way of home segregation to block the spread of the epidemic during the epidemic period. Under such circumstances, the source of the public is much more simple than before, but most of the information is obtained from the Internet, so the supervision of public opinion is even more urgent. The purpose of this study is to design an accurate and effective microblog comment emotion analysis system to help the government and all parties timely understand the public's emotional tendency, supervise the network public opinion, and achieve the purpose of efficient decision-making.

[bookmark: _Toc87628323]1.2 Project Aim and Objectives
Objective: To establish a public sentiment analysis system for COVID-19 epidemic.

Objectives:
1. According to crawler related knowledge, capture the Chinese text data of epidemic microblog comments on microblog and mark them emotionally.
2. Preprocess the comment data, including clearing the abnormal data, using the Jieba Library in Python to segment and remove the stop words, and using the word2vec model to vectorize the text, and divide the text into training set and test set
3. Establish LSTM neural network model, train the data, and improve the parameters of LSTM neural network through genetic algorithm to achieve better training effect
4. The trained network model is tested. Compared with the improved LSTM neural network model, the accuracy of the model in this paper is higher
Results: the sentiment analysis model of Internet public opinion in COVID-19 epidemic period was established. After the analysis, the public's emotional polarity can be obtained, which helps relevant departments to accurately grasp the focus of public opinion and the most panic factors of the people, assist them in analysis and decision-making, and effectively respond to the events with the highest attention of the people, so as to effectively intervene and guide the direction of public opinion and achieve scientific victory over the epidemic situation.

[bookmark: _Toc87628324]1.3 Report Structure
1. Learned the communication process of public opinion, the characteristics of microblog communication and the existing analysis methods of emotional tendency of network public opinion.
2. The technology of web crawler is studied. Using web crawler as the main data acquisition method, the research on weiboping is completed
Data collection of designated microblog on the platform.
3. Based on the analysis of the structural characteristics of neural network, LSTM (short-term and long-term neural network) is used to analyze the historical data, genetic algorithm is used to optimize the network structure of neural network, and the corresponding neural network is trained to be suitable for affective tendency analysis.
4. Use python programming language to develop the system, use the collected microblog data to train the neural network, and realize a microblog public opinion emotional tendency analysis system.
5. Through experiments, compare the marked data type with the classification after system analysis to verify its accuracy.
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At the end of 2019, the outbreak of COVID-19 caused heated debate on the Internet. In such major public emergencies, the public often discusses some controversial issues and contradictions on social platforms. Therefore, the social platform has become an important place to solve these problems and contradictions. After the outbreak of the epidemic, they will ferment rapidly in the field of network public opinion. Netizens will express some opinions, opinions and emotions without thinking, so as to form network public opinion [1]. When these users publish a large number of online comments on the microblog platform, they will also produce a large number of comment text data. In the context of new coronavirus pneumonia, analyzing the emotional polarity of microblog public opinion comments enables relevant departments to accurately grasp the focus of public opinion and the most panic factors, help people analyze and make decisions, and attract people's attention. Effectively intervene and guide public opinion to realize scientific war.
Generally speaking, affective analysis technology refers to the use of natural language processing, statistical learning or machine learning to study, discover and identify the subjective attitude of text content producers. It has been decades since it was proposed, and has become one of the most active research topics in the field of text mining. Different from ordinary text mining, emotion analysis aims to efficiently and accurately extract deep knowledge from massive data and help all parties make decisions. At the same time, it is also a hot spot and focus in the field of Chinese text mining [2]. However, because the outbreak time of COVID-19 is relatively short, the analysis of the polarity of the epidemic is a relatively new research topic. However, many countries have adopted family isolation to prevent the spread of the epidemic during the epidemic period. In this case, the source of the public is much simpler than before, but most of the information is obtained from the Internet, so the supervision of public opinion is more urgent. The purpose of this study is to design an accurate and effective microblog comment emotion analysis system to help the government and all parties timely understand the public's emotional tendency, supervise the network public opinion, and achieve the purpose of efficient decision-making.
Emotion analysis is to mine people's views and emotions and evaluate products, events, services and organizations. Affective analysis involves not only computer science and language science, but also management science and social science. This chapter mainly discusses the research status of emotion analysis technology. Traditional emotion analysis technology mainly has three research directions: one is to use emotion dictionary for emotion recognition (extracting emotion direction based on knowledge and rules), the other is to use machine learning (training emotion analysis classifier based on statistical learning), and the third is to use neural network (Research on text feature extraction method based on neural network language model).

(1) Emotion analysis method based on emotion dictionary
Generally speaking, emotion dictionary is the basic tool to identify emotion. According to the characteristic expression of the text, the emotional tendency of the whole sentence can be inferred from the emotional polarity of the words in the sentence. Peter Turney, who was engaged in early research in this field, proposed a semantic oriented unsupervised comment classification method using a three-step comment classification algorithm [3, 4]through pmi-ir (point by point mutual information retrieval), starting from the semantic information related to emotional polarity in the text, which solves the problem that traditional PMI cannot determine the semantic distance between words. Based on this work, follow-up researchers will focus on the use of adjectives and adverbs as emotional indicators of text sentences. Further research includes the establishment of a good emotional dictionary and sentence polarity evaluation based on emotional dictionary. At present, the famous English affective dictionaries include sentiwordnet [5], mpqa, GI [6]  general query, ol [7] opinion dictionary, etc. However, the affective Dictionary of Chinese research is still immature. Excellent works in the field of affective dictionary include HowNet [8]  dutier and c-liwc[9]. Taboada et al. [10] constructed a dictionary with the method of semantic calculation, and checked the stability and reliability of the constructed target dictionary through manual verification; Riloffden et al. [11]  carried out research on the construction of semantic dictionary using corpus data set; Kirichenko s et al. [12] combined the topic category of emotional polarity with expression pictures to construct an emotional dictionary; Turney et al. [4] used the method of relying on seed emotional word set and mutual information to determine whether a phrase is an evaluation word; Ding et al. [13] used the method of emotional word pairing for specific fields to judge emotional polarity; Cui et al. [14] combined microblog subject words with internet neologisms to build an emotional dictionary and analyze the emotional tendency of microblog text information. Zhang l et al. [15] calculated the affective polarity of each entity in the sentence according to the dictionary. The method of using affective dictionary as an affective analysis method has a long history, but the development speed is relatively slow, and the accuracy of affective classification is generally lower than that of machine learning method. However, the feasibility and economy of the method based on emotional dictionary are its biggest advantages, and this method can be applied to various vertical fields. It has strong applicability in this field, but it can not learn semantic knowledge, resulting in poor universality and robustness of this method.
The main research ideas of Chinese emotional dictionary construction are based on corpus statistics and semantic dictionary. The corpus based affective dictionary construction method calculates the semantic tendency of words by counting the co-occurrence information between words and using word similarity. Generally, the corpus based affective dictionary construction method calculates the similarity between different words through the co-occurrence information between words, and uses the word similarity to calculate the semantic tendency of words. The construction method of emotional dictionary based on semantic knowledge base usually uses semantic dictionary to calculate word similarity. The commonly used Chinese semantic dictionaries mainly include ntusd emotional dictionary sorted and published by how net [16] Bay University and synonym forest published by the Information Retrieval Research Office of Harbin Institute of technology. The domestic research on the emotional tendency of Chinese words and phrases has achieved some phased results. The domestic research on the emotional tendency of Chinese words and phrases has achieved some phased results. Zhu Yanlan et al. [17] proposed two calculation methods of lexical semantic propensity based on semantic similarity and semantic correlation field, and obtained the propensity of the target vocabulary by calculating the similarity between the target vocabulary and the labeled commendatory and derogatory words in how net.
Li Jun et al. [18] combined the de duplication method to construct a Chinese commendatory and derogatory dictionary. Liu Weiping et al. [19] combined with the method of how net semantic similarity calculation, constructed a Chinese basic emotion word dictionary. Xu Linhong et al. [20] organized and annotated the Chinese emotional vocabulary ontology to describe a Chinese vocabulary or phrase from different angles, including word part of speech type, emotional category, emotional intensity, polarity and other information. National Taiwan University has organized and constructed a Chinese sentiment Dictionary (ntusd), including 2812 positive evaluation words and 8276 negative evaluation words. Zhang Chenggong et al. [21] a comprehensive dictionary including basic emotion dictionary and domain dictionary, network word dictionary and modifier dictionary.
Zhang et al. [22] added network popular words and degree adverbs to the original emotional dictionary to expand the original dictionary and achieved good classification results. Wu Jiesheng et al. [23] added semantic rule sets such as text sentence patterns and inter sentence in multiple emotion dictionaries, and verified the effectiveness of this method on the microblog data set.

(2) Research on emotion analysis method of machine learning based on statistical language model
Machine learning affective analysis methods mainly use some machine learning algorithms to classify text data with affective labels, and complete the polarity extraction of target text through affective label classification training. Random forest (RF), support vector machine (SVM), logistic regression (LR), naive Bayes (NB) and shallow neural network (NN) usually design a classifier, Using the characteristics of text data to do a continuous process to find the optimal solution of the objective function, that is, the emotion analysis model is transformed into a mathematical optimization problem. After this transformation, these models can effectively converge g through gradient descent training. Finally, a more robust emotion polarity classifier is obtained.
Internationally, Pang et al. [24] used unit and binary models as text feature extraction methods in emotion analysis tasks, and used text eigenvalues to analyze the emotion of the whole document through three machine learning methods (naive Bayes, support vector machine and maximum expectation). They constructed three text features and experimented with three machine learning algorithms respectively, It is found that the combination of unigrams and support vector machine can achieve the best effect; Fey et al. [25] studied the optimization of relevant parameters of support vector machine model by genetic algorithm to improve the performance of the model; Sun Jianwang et al. [26] used the combination of dictionary and machine learning, and used the position weight related to features; Youlan et al. [27] fused the prior information obtained from the existing emotion dictionary into the emotion classification model to obtain the initial classifier. Turney et al. [4] classify emotional polarity by calculating the average semantics of phrases, which is determined by the difference between the mutual information of phrases and words "excellent" and "poor". However, this method has low accuracy and weak generalization ability, and the experimental accuracy of texts in different fields varies greatly. 
Boiy [28] [28] used bag of words model to realize automatic emotion analysis of online comment data. Hang Cui studied the influence of the data set size of some machine learning models (SVM, Nb) on n-gram features. They found that the higher-order N-gram model performed better on SVM for larger data sets and Nb for smaller data sets [29]. Pak [30] collected twitter corpus and established twitter emotion classifier. Tripathy [31] uses four machine learning algorithms to classify IMDB film reviews according to n-ary syntax features. The main reason is that the machine learning model can train the constructed text features.
In China, Xiong Delan et al. [32] proposed a calculation method of sentence commendation and derogation tendency based on semantic distance and grammatical distance. Chen Qiang et al. [33] used the syntactic analysis model to divide the sentence into several combinatorial words, and then gave different weights according to the different contribution of emotional words to the emotional tendency of the sentence in the subject predicate component of the combinatorial words. Experiments show that this method has a high accuracy in sentence level emotional analysis. Xie Lixing et al. [34] proposed a hierarchical structure Multi Strategy method based on support vector machine according to the characteristics of Chinese microblog, and the effect of emotion analysis is better than the traditional rule-based algorithm; Li Tingting et al. [35] combined emotional words, special symbols and other text features in microblog text, combined with support vector machine and conditional random field to carry out emotion analysis task. Through experiments, it is concluded that the combination of emotional words, negative words, degree adverbs and special symbols and conditional random field can obtain the best results; Wang Wei et al. [36] Based on the potential Dirichlet distribution topic model and combined with the emotion dictionary, extracted the key emotion features including context words and emotion words, used the support vector machine to complete the text emotion polarity classification, and obtained good experimental accuracy on the hotel comment data set, but they only carried out experiments on the text data containing emotion words, Moreover, this method only considers the context vocabulary and ignores the deeper semantic relationship.
Emotion analysis technology based on traditional machine learning reduces the dependence on emotion dictionary and uses pre trained classifiers to perform relevant operations. However, with the continuous expansion of text data scale and the emergence of new words, there are specific limitations in the field. Considering the existence of these problems and the rise of deep learning network related technologies, researchers have gradually carried out the research on using deep learning technology to solve emotion analysis tasks, and achieved good research results. 
In general, the emotion analysis model based on machine learning algorithm can improve the effect through multiple feature combinations, but the quality of feature construction seriously affects the effect of the model in emotion analysis tasks. At the same time, machine learning algorithm itself faces the problems of "dimension disaster" and insufficient generalization ability.

(3) Research on text feature extraction method of neural network language model
Deep learning belongs to the category of machine learning. Specifically, it comes from artificial neural network. After being proposed by Hinton et al. [37], deep learning has been widely used in the fields of image processing and speech recognition. Deep learning is a method that simulates human brain to complete automatic feature learning on the original data set. In contrast, deep learning algorithm is more complex than traditional machine learning, and its learning ability is also stronger.
The application of deep learning in the field of natural language processing is relatively late, because the feature abstraction of image and speech data is low and easy to recognize, while the language abstraction is high and it is not easy to extract features. However, the biggest advantage of deep learning algorithm to solve the problem of emotion analysis is that it does not need a priori information or complex artificial features. By designing different network structures, it can extract a variety of potential semantic features from text data sets. In the field of natural language processing, if the text wants to be recognized by the computer, it needs to be expressed in the form that the computer can recognize, that is, vector form. Therefore, the basis of emotion analysis is to express words or sentences as vectors. Traditional emotion analysis makes the one hot representation word vector represent text information, that is, each word is represented as a very long vector. The dimension of this vector is the size of the thesaurus, in which most elements are 0, and only one dimension has a value of 1, which is the position of the current word in the thesaurus. This method is relatively simple, but there are two disadvantages: (1) the information between words is lost, which can not well describe the similarity between words, resulting in a lexical gap. (2) Vulnerable to dimensional disasters.
In the task of text emotion analysis, the traditional research method usually adopts the one hot expression in text representation. This method is easy to cause dimensional disaster due to sparse data, and seriously ignores the correlation between words; When using the research method of deep learning, we usually use the distributed vector of words to train the low-dimensional features, and consider the correlation between words to a certain extent. In order to better extract the latent semantic knowledge of text, Hinton [38]  first proposed the concept of word vector in 1986. Its main idea is to obtain continuous and dense word feature representation vector through neural network model training. Bengio et al. [39, 40] proposed a language model construction method based on neural network. Nnlm (neural network language model) is used to replace the n-ary grammar model that cannot be used for context learning. In nnlm, the context semantic information of the training text is obtained based on the continuous word feature method. The experimental results show that the combination of n-ary feature frequency and context can improve the performance L The by-product word vector of language model can be obtained through training. The word vector can be regarded as a numerical representation of text, which can improve the performance of other NLP tasks. However, it has the disadvantages of high computational complexity and low training efficiency on large-scale data.
The popularity of deep learning algorithm in the field of natural language processing is that mikolov et al. Proposed the cbow model in word2vec [41] tool, the word vector representation method of skip gram, and the sentence and document vector representation methods sentince2vec and doc2vec [42] . Compared with nnlm, cbow has better performance in syntax and semantic prediction, and skip gram is slightly better than cbow in semantic information extraction, The disadvantage is that the computational efficiency is relatively low. Compared with LSI and LDA, word2vec uses context information to extract text features, which can obtain richer information in semantic corpus. Later, Google's open source code also enabled word2vec word embedding technology to be applied to many fields of NLP; In 2018, Google published relevant papers on the model Bert (bidirectional encoder representation from transformers) [43], which further improved the word embedding expression technology and performed well in various NLP tasks. Although various statistical machine learning methods have been effectively improved, various neural network models gradually show better performance. Although these methods based on deep neural network still belong to the category of machine learning, we usually call them deep learning.
In recent years, Vaswani et al. Proposed the transformer model, which is completely based on the attention mechanism, and solves the problem that the convolutional neural network cannot obtain the global structure information and the recursive neural network cannot calculate in parallel. Based on the transformer model, Bert model [44] , transformer XL [45], Ernie [46] model, Albert [47] model, etc. have been developed, and quite excellent results have been obtained in many natural language processing tasks.
In the emotion analysis task, kalchbrenner et al. [48] internationally constructed a dynamic convolutional neural network, which uses the dynamic K-MAX pooling layer to determine the pooling layer parameters according to the sentence length and network depth, and obtained better accuracy than support vector machine on SST data set and twitter emotion data set; In China, Liu Longfei et al. [49] proposed that the word level feature vector and word level feature vector are used as the original features of the sentence respectively, and then the convolution neural network is used to extract the implied text features, so as to realize the emotion analysis task. It is verified that the classification effect obtained by the combination of word level feature vector and convolution neural network is better. Because the convolution kernel can extract local features, Kim uses CNN (convolution neural network) to extract contextual semantic features to operate sentences [50], which has been verified on multiple data sets and achieved good performance results. Sun Songtao et al. [51] synthesized word vectors into sentence vectors using CNN and used them as features to train multi label classifiers; Chen Ke et al. [52] used multi-channel CNN to combine different characteristic information into different network inputs to judge the emotional tendency of the input. Subsequently, Yin et al. [53] proposed a convolutional neural network combined with the idea of attention. Attention was first proposed in the field of computer vision. Bahdanau et al. [54] took the lead in combining attention with neural network and applied it to machine translation tasks to make the model more sensitive when dealing with emotional information; Luong et al. [55] proposed a local attention model for the global alignment mode of attention; In order to improve the accuracy of emotion classification, Liang Bin and others adopted three attention mechanisms: word vector, position and part of speech, so that the model can learn the feature information of the target in various forms, and combined it with CNN [56], which enhances the correlation between the word in the text sentence and its front and back content in feature representation. However, CNN only captures the local information of the sequence and lacks the tracking of the global state. Therefore, a recurrent neural network (RNN) with processing timing information is proposed. Because RNN will cause gradient disappearance and gradient explosion due to the increase of input, Wang et al. [57] used long-term and short-term memory network (LSTM) to learn the temporal relationship of text, overcome this problem, and designed cnn-lstm network model to divide the text into regions according to sentences, conduct feature fusion after parallel convolution, and then use it as the input of LSTM for emotion classification.
Hu Xixiang [58] conducted a lot of research on the emotional analysis of CNN and LSTM microblog comments by using word2vec and glove, and obtained 84.5% classification accuracy by using the depth model. The experimental results show that LSTM can store long-distance information, and CNN can extract features of different dimensions, while the shallow learning model loses the semantic information between words when mining the emotional information hidden in the word vector, This is a main reason for the performance degradation of shallow learning model.
In order to solve the defects of existing methods, recurrent neural networks which can extract sequence position correlation are widely used in text processing tasks. In addition, we use word embedding to construct text features, and use LSTM (long-term short-term memory) and Gru (gated reproduction unit) to obtain good experimental results. Liang Bin et al. [56] fused convolutional neural network with three attention mechanisms and proposed an emotion analysis method for different targets in the text, which reduced the model training time and obtained better classification results, but the model is prone to over fitting problems. Liu Siqin et al. [59] proposed an emotion analysis model combining Bert model, bidirectional long-term and short-term memory neural network and attention mechanism. Firstly, the text representation is obtained through Bert pre training model, then the context features are extracted by bidirectional long-term and short-term memory neural network, and finally the attention mechanism is introduced to highlight the key information, Higher classification accuracy is obtained on SST data set; Shi Zhenjie et al. [60] also used Bert pre training model to obtain text representation, but they used convolutional neural network to extract text features. Experiments on a mobile phone comment data set show that this method has good performance in this field; Recently, Huang Weichun et al. [61] proposed a multi-channel convolution and two-way gated cyclic neural network model (MC bigru ATT) based on attention mechanism for text emotion classification task. Adding attention mechanism while reducing noise interference, the accuracy is 87.66%.
Aiming at the problems of short text content, few text entities and lack of context, this paper analyzes the current situation of microblog comments. How to use deep learning technology and pre trained word vector text features to analyze the emotional tendency of microblog comments will be the main research content and direction of this paper.

[bookmark: _Toc43040067][bookmark: _Toc87628326] RESEARCH AND/OR DEVELOPMENT METHODOLOGY
[bookmark: _Toc87628327]3.1  data collection
Based on the novel coronavirus pneumonia epidemic data, the world experienced the outbreak of New Coronavirus epidemic in late 2019, which has brought great influence to all walks of life and has produced a public opinion storm on the Internet. The data of this paper comes from the comment information under the microblog "people's Daily", and the data is collected and sorted by the method of crawler. When crawling, regular expressions are used to effectively filter the data and save the filtered data locally. Figure 1 shows a framework diagram of a crawler that collects data. A total of 8000 comments were collected, including 2288 negative comments, 3560 neutral comments and 2152 positive comments.[image: ]
Figure 3.1 reptile flow chart


Figure 3.2 Comment text data
[bookmark: _Toc87628328]3.2 text emotion analysis method based on deep learning
The method of using machine learning algorithm mainly obtains the emotional features in the text through different text representation methods. The quality of a model often depends on the quality of text representation, but most of the traditional text representation algorithms and models are made by human experience, which makes it difficult to express the features in the text in detail. The research focus of the method based on deep learning is similar to machine learning, which is how to select the appropriate emotional features from the text data. The difference is that the method based on deep learning uses the deep neural network model to learn the features, and continuously optimize and screen them, so that these features can make a greater contribution to the final emotional analysis.
In essence, the method based on deep learning is also based on emotional characteristics, but a large number of training samples are needed in the process of training. The larger the scale of training data, the richer the emotional characteristics that the model can learn, the stronger the learning ability and more flexible. The processing of large-scale data is faster than the method of machine learning. The general process of using deep learning method to deal with text emotion analysis task is shown in Figure 3.3. The following will mainly introduce the word vector representation and common deep neural network classification models in detail.
[image: ]
Figure 3.3 method flow based on deep learning
[bookmark: _Toc87628329]3.3   word vector
[bookmark: _Toc87628330]one-hot model
One hot coding is a simple, convenient and often used text feature representation method. Specifically, the use of one hot representation is to use n-bit status registers to complete the encoding operation, and only one bit in each independent register is really valid. In this way, a series of relatively discrete state features can be mapped to vector space, which is simple and efficient.

In the text emotion analysis task, n represents the number of tags in the text database, or the number of specific words, that is, the dimension of the constructed feature matrix. For example, if the database contains only three single sentences:
我喜欢爸爸
爸爸喜欢妈妈
妈妈喜欢化妆
The above text is represented by one hot, and the corresponding specific operations are roughly as follows:
(1) Complete word segmentation preprocessing for each single sentence in the database and number it, then you can obtain:
1：我 2：喜欢 3：爸爸 4：妈妈 5：化妆
(2) According to the one hot rule, the text feature representation is extracted for each sentence.
Through the above operations, the text feature representation of each sentence in the database can be finally obtained, that is:
我喜欢爸爸：1，1，1，0，0
爸爸喜欢妈妈：0，1，1，1，0
妈妈喜欢化妆：0，1，0，1，1
[image: ]
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Figure 3.4 text feature representation
The operation process of one hot can be understood as expressing each word in the corpus as a vector after numbering it sequentially. The dimension of the vector is the number of words or tags in the corpus, which means that if the corpus used in the research is large, the dimension of text feature representation obtained by the corresponding one hot will also be very high. In addition, using the one hot method also has the following problems:

(1) One of the characteristics of one hot method is that the number is 1 only in the corresponding position, and the others are 0. The basic assumption of this method is that the semantic and grammatical relations between words are independent of each other. Each word has an independent word vector representation, which can not capture the similarity, that is, there is a "semantic gap".

(2) In the process of one hot method operation, the words in the corpus data set need to be numbered first. From the perspective of practical operation, the sequential relationship between words is largely ignored, and the final feature representation also does not consider the problem of order, The context in the actual text analysis will have a great impact on emotional judgment.

(3) As mentioned above, the dimension of vector is related to the number of words. The increase of corpus size may lead to the problem of dimension explosion. Similarly, because the text features represented by one hot are discrete, when the dimension explosion is caused by the increase of the number of words in the database, the feature matrix will become more and more sparse.
[bookmark: _Toc87628331]Neural network language model
Common methods of text distributed feature representation also include neural network language model (nnlm). The so-called text distributed representation is that each word in the text can be expressed as low-dimensional and dense vectors in some way, and these vectors can reflect the potential semantic characteristics of the text. It can be seen that the neural network language model solves the impact of dimension explosion in a certain range, and completes the specific construction of the language model through the neural network, increases the embodiment of the correlation between words, and can tap the potential connections.

In 2003, bengio et al. Said that they can generate relevant word vectors through neural networks. Their basic idea is to use the words appearing in front of the sentence as context information to predict the next word from a linguistic point of view, and the word vector representation finally obtained in this process is an additional product of training the language model, This means that seeking the optimal result of the model is understood as finding the word vector representation required later. The specific structure of its nnlm is shown in Figure 3.5.
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Figure 3.5 structure of neural network language model
It can be seen from figure 3.5 that the neural network language model can be divided into three layers in structure, as follows:
(1) Input layer.
[bookmark: _Hlk87539170][bookmark: _Hlk87539186]The main function of the input layer is to splice the lower word vectors together to form a vector X. in Figure 3.5, the lower word vector ,…,  represents the N-1 words before the T word . The first step is to select a plurality of sequence sets （,…, ） with a fixed length of N from the text database to form a training set D; In the second step, we need to use a dictionary and obtain its corresponding word vector matrix C (W) through matrix C. The matrix C mentioned here is a | v| × The matrix of M, M represents the word dimension, and | V | represents the size of the dictionary, that is, the total number of words in the corpus.
(2) Hidden layer
In the neural network language model, the hidden layer is used to connect the input layer and the output layer. In the hidden layer, the tanh function will be used for nonlinear transformation as the input of the next layer, as shown in equation 3.1
 			3.1
In equation 3.1, represents the weight matrix used from the input layer to the hidden layer, and H represents the number of neurons in the hidden layer; As can be seen from the above,  is the input of nnlm. Then, after hidden layer operation:  and   h is obtained × 1。 In addition,  is a bias parameter set by the hidden layer.
(3) Output layer.
The neural network language model uses the softmax classifier function in the final output layer. The normalization of softmax can directly realize the corresponding probability output, as shown in equation 3.2
			3.2
In equation 3.2, the  value corresponding to each neuron represents the probability that the next word is i;  represents the weight matrix used from the hidden layer to the output layer; As can be seen from the above,  is the output of the nnlm hidden layer. Then, after the output layer operation: , can be obtained. In addition, is a bias parameter set by the output layer.

In equation 3.2, there is also a term , where represents the weight matrix used when directly connecting from the input layer to the output layer, that is, directly calculating w with the input X of nnlm. This operation can be considered as an improved way of nnlm in the training process. When using direct edges, the number of iterations can be reduced by half.

The goal of using nnlm to generate the word vector required for subsequent experiments is to train the mathematical model shown in equation 3.3:
			3.3
In equation 3.3, 111 represents the t-th word in the sequence, and 111 refers to the subsequence composed of the first word to the T-1 word before the t-th word. The target model expressed above also needs to be constrained by two conditions, as shown in equations 3.4 and 3.5 respectively:
			3.4
			3.5
The two constraints given in nnlm, equation 3.4 means that each probability value obtained through the network model should be greater than 0; Equation 3.5 means that since the final result of the model at the output layer is a vector representing the prediction of the next word, what this expression requires is that each component of the output value corresponds to the prediction probability that any word in the dictionary may be the next word in order, so its sum should be 1.

The training process of nnlm forward propagation mainly includes feature mapping and probability function. The training process of nnlm forward propagation mainly includes feature mapping and probability function
(1) Feature mapping
It shows that the related mapping of words is completed by using the matrix  at the input layer, such as the one hot representation method. Then, the obtained by mapping are combined into a  dimensional vector, such as .

(2) Probability function
In nnlm, the probability function g refers to the feedforward or recursive neural network, which converts the  dimensional vector obtained by feature mapping into the probability distribution  through G
From the above, it can be seen that the function f in equation 3.3 is composed of feature map C and probability function g. the training process of neural network language model is understood as learning by mathematical model θ The maximum likelihood of a process in which θ Represents all parameters in the model, as shown in equation 3.6
			3.6
In addition, nnlm needs to use the idea of back propagation algorithm in training to update and iterate the weight until the total error in the network model reaches the optimal. After the training, the additional product of the model, namely word vector, is obtained.

On the whole, neural network language model can solve the impact of dimension explosion in a certain range, and integrate the semantic correlation between words to a certain extent. On the basis of this model, researchers have also tried many different research directions and improvement methods, and obtained great research results, such as word2vec proposed to optimize the network structure.

[bookmark: _Toc87628332]3.2  neural network structure

The development of neural networks (NNs) can be traced back to 1943. It was jointly established by psychologist W.S. McCulloch and mathematical logician W. Pitts. In this model, the mathematical model was used to verify the logical execution function of the network structure of neurons. Since then, artificial neural networks (ANNs) have been opened The upsurge of research.

Neural network is a combination of biological neural network and mathematical statistical model. Generally speaking, neural network model is a relatively complex network structure composed of many neurons connected in a certain way. Each divine general element is composed of input, activation function and output. Its input is the text data set used in the research or the output of the previous neuron; Activation functions, such as sigmoid and tanh, perform corresponding nonlinear operations in related neurons, which can make the model obtain certain nonlinear representation ability; The output is the final output of the model or can be used as the input of the next neuron. Figure 4.3 shows the structure of a single neuron.
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Figure 3.6 neuron structure
In Fig. 3.6 , the input (x1, x2,..., xn) refers to the n-dimensional input vector received by the current neuron, which can be the initial input or the output of the upper layer neuron connected to the layer; Y refers to the output of the current layer. The specific operation performed by the neuron is shown in equation 4
	3.7
In equation 3.7, f is the activation function; B is the bias term, that is, the threshold of neurons;  is the weight parameter connected to other neurons. The interconnection of single neurons between layers forms a neural network structure, which can process data in parallel. Compared with traditional machine learning, the network can have better expression ability.
[bookmark: _Toc87628333]3.2.1 Cyclic neural network

Since it was proposed, recurrent neural network has been widely used to deal with the problem of sequence features. Its advantage is that it can capture the relationship between the current features and the next time features through the chain network structure, and can realize the storage and dissemination of historical data. The chain network structure of recurrent neural network makes it perform very well in capturing sequence features, and for text problems, it means that recurrent neural network can easily capture the sequence features before and after the text. Therefore, the analysis method based on recurrent neural network is widely used in various text analysis fields, such as text generation, language recognition and so on. The main idea of the cyclic neural network process is to traverse all the information in the text sequence, save the useful information, realize the function of memory, and use the memory information to judge the output of the current time.
[image: ]
Figure 3.7 RNN network structure
It can be seen from figure 3.7 that no matter how many hidden layers are in the cyclic neural network, they are essentially loops of the same unit structure, and the parameters of these network layers are shared, that is, u, V and W in the figure, which makes the cyclic neural network reduce the training of parameters during training. In the figure, X and O respectively represent the input and output at different times, and s represents the hidden state at the corresponding time. See equations 3.8 and 3.9 for specific calculation,

Calculate the hidden state s of the current time respectively_ T and final output ：
		3.8
			3.9
According to the above, the cyclic neural network memorizes the state information of the previous time through the chain network structure and processes the text features of the current time. However, once the text sequence is too long, this chain network structure is easy to be too large or too small in the derivation process, that is, the phenomenon of so-called gradient explosion and gradient disappearance, which is the biggest disadvantage of cyclic neural network. Therefore, the memory function of recurrent neural network can only be called short-term memory, and can not capture the text features far away from the current vocabulary.
[bookmark: _Toc87628334]3.2.2  genetic algorithm

When solving the optimization problem of the maximum or minimum value of the function, it can be approximately expressed as the mathematical programming model shown in equation 3.10:
				3.10
[bookmark: _Hlk87540700]Where  is the function to be solved; X is the variable of the function, which can be expressed as  by vector; The variable  of the function, where .
In the function, u represents the complete set, including all elements involved in the research content, and R is a subset of U. If the function variable x can be solved in subset R, then the function f (x) has a feasible solution. All feasible solutions belonging to R and meeting the solution of function f (x) constitute a set of feasible solutions. As shown in Figure 3.8, the relationship between feasible solution, feasible solution set and complete set space is shown.

[image: ]
Fig. 3.8 feasible solution and feasible solution set of optimization problem
When solving the maximum or minimum value of the function shown in equation 3.10, there are many complex factors. If you need to solve many types of objective functions or there are many constraints on functions. Too complex objective functions or constraints will increase the difficulty of solving, or can not accurately find the optimal solution. Therefore, within the allowable range, the approximate optimal solution of the function can be obtained to solve the extreme value optimization problem of the function. GA algorithm provides such a solution. The variable x vector of the function is represented by a symbol string, that is, let the X vector be , which is recorded as:


So  is composed of n elements. In the genetic algorithm, each element is regarded as the gene of the genetic algorithm, that is, X is the chromosome composed of N genetic genes. Usually its length n is fixed, but it can also be changed in some problems. Genetic algorithm transforms chromosomes into codes for operation. Generally, chromosomes can be represented by binary symbols, that is, genes are composed of simple 0 and 1. Genetic algorithm obtains better individuals through the selection, crossover and mutation of binary symbols, until the optimal value condition of the function is satisfied or the number of iteration constraints is reached, the approximate optimal solution of the function can be obtained.

[bookmark: _Toc87628335]3.3  Evaluation criteria
In this paper, accuracy is used as the evaluation index of the experimental results, which refers to the proportion of correctly judged emotional texts in the total texts. The formula is as follows:
	 		（1）
Among them, TP (true positive): predict the correct positive samples; TN (true negative): predict the correct negative samples; FP (false positive): positive sample with wrong prediction; FN (false negative): negative sample with wrong prediction.


[bookmark: _Toc87628336]3.4  Software: Python
Python has the following advantages:
1. Simple: Python is easy to read and write. It enables you to focus on solving problems rather than understanding the language itself.
2. Free: Python is open source software. This means that you can copy, read and change it without spending a penny, which is why Python is getting better and better.
3. Compatibility: Python is compatible with many platforms, so developers will not encounter the problems often encountered when using other languages.
4. Object oriented: Python supports both process oriented and object-oriented programming. In process oriented programming, programmers reuse code, and in object-oriented programming, they use objects based on data and functions.
5. Rich libraries: the python standard library is really huge. It can help you deal with all kinds of work, including regular expressions, document generation, unit testing, threads, databases, web browsers, CGI, FTP, e-mail, XML, XML-RPC, HTML, WAV files, cryptosystem, GUI (graphical user interface), TK and other system related operations.


[bookmark: _Toc43040068][bookmark: _Toc87628337]DESIGN AND IMPLEMENTATION 
Public opinion not only spreads in the traditional media, especially during the epidemic period, in order to control the epidemic situation, reduce people's going out and gathering, people rely more on the Internet to obtain and exchange information, and in the network era, Internet users can more conveniently use a variety of terminals to pay attention to network public opinion; With the emergence of microblog, some government units have set up services to listen to people's opinions on the Internet to effectively interact between officials and people on the Internet; Network public opinion gradually shows the trend of real social portrayal, which is a documentary of social conditions. The development of network public opinion not only plays a role in supervision and rights protection, but also brings negative effects such as network violence.

In the Internet age, the prediction of microblog public opinion is of great significance in economy, people's livelihood and other aspects. The Internet provides a platform for Internet users to exchange ideas. The public opinion formed based on the openness of this platform is mixed. It is of great significance to analyze the emotional tendency of microblog public opinion in time.

[bookmark: _Toc87628338]4.1 data collection
This paper selects the comment information under the "people's Daily" of microblog on the epidemic situation as the data source. The data is collected and sorted by using the method of crawler. When crawling, regular expressions are used to effectively filter the data and save the filtered data locally. Figure 1 shows a framework diagram of a crawler that collects data. Before training the text, the author carried out a series of data cleaning work on the crawled information, including simplification of traditional Chinese characters, deletion of spam advertisements, invalid comments, etc. Finally, 8000 valid data were obtained, including 2288 negative comments, 3560 neutral comments and 2152 positive comments.

[image: ]
Figure 4.1 comment text data
In the task of text emotion analysis, the quality of the text will directly affect the classification results associated with it. Therefore, text preprocessing is an indispensable step in the topic of emotion analysis in this paper. For the relevant Chinese text data sets involved in this study, corresponding text preprocessing operations such as data cleaning, Chinese text word segmentation and removal of stop words will be performed to facilitate the subsequent experimental steps.

[bookmark: _Toc87628339]text segmentation

Thanks to the natural advantages of English grammar, English text generally only needs to be cut according to the spaces between words to get good word segmentation results. However, Chinese has a completely different grammar and expression from English. Chinese sentences are composed of words connected together. Punctuation plays a role in indicating pause, mood and word nature. There is no special separation between words and words. Therefore, before using natural language processing technologies such as emotion analysis for Chinese text data, We must use Chinese text word segmentation technology to cut sentences into word sequences. In this study, the word is regarded as the smallest unit of analyzing Chinese understanding, and the Chinese text is divided into words or phrases according to the rules of Chinese grammar and context, so that each segmentation has independent semantics. Therefore, accurate word segmentation is very important for the subsequent analysis results of text emotion analysis task.

Generally speaking, when processing text word segmentation, we can consider using existing word segmentation tools, such as Jieba, nlpir and Pangu word segmentation. Jieba word segmentation tool realizes efficient word graph scanning based on prefix dictionary, and generates a directed acyclic graph composed of all possible words of Chinese characters in sentences; Dynamic programming is used to find the maximum probability path and find the maximum segmentation combination based on word frequency, which is better than other word segmentation tools in speed and accuracy. Therefore, Jieba word segmentation tool is used in this paper.

[bookmark: _Toc87628340]processing of stop words
Stop word removal is very important for the quality of Chinese and English natural language processing. In information retrieval applications, stop words are considered as words and words that search engines will automatically ignore when processing requests. Stop words usually include two categories. One is some words that appear too frequently, such as "is", "are" and "which" in English and "he" and "this" in Chinese; The other is conjunctions and other words that often appear but have little practical significance. Such as "taking advantage of", "facing", "and", "in front of" and so on. In general, these words alone do not seem to contain emotional or practical meaning, but may have some functions when they are associated with a specific context.

The existence of stop words will increase the complexity of text data processing, reduce the traversal speed of text and reduce the efficiency of the model. Moreover, we hope that the words in the sentence can contain enough key semantic information, so we need to remove the stop words in text preprocessing. Removing stop words, on the one hand, can reduce the number of words after text word segmentation. On the other hand, the reduction of word size also reduces the spatial dimension of word vector to a certain extent, which can reduce the amount of calculation and improve the accuracy of text analysis. The removal of stop words can be carried out according to the existing public stop word list, or the threshold can be set according to the word frequency for a specific task to build a stop word list.
At present, the common method to remove stop words in tasks is to filter with the help of the stop word list. The specific operation is to match the words in the stop word list one by one after the input is segmented. If a word is a word contained in the stop word list, the word is considered a stop word and can be removed directly. Moreover, you can add, delete and other operations according to specific conditions. You can design a special deactivation vocabulary for special application scenarios. Due to the complex text environment of microblog comments, this paper uses the public stop words list on the network and adds words that appear too frequently in microblog text to form a new stop words list to remove stop words.

Figure 4.2 example of word segmentation after removing stop words

[bookmark: _Toc87628341]4.2 Word vector optimization
Text preprocessing is the first step in the task of text emotion analysis. For the corpus set in this paper, the preprocessing operations of data cleaning, word segmentation and removing stop words are carried out with the help of Jieba third-party software. Among them, data cleaning is mainly used to remove special symbols and redundant blanks in comment text, and convert traditional characters into simplified characters; Word segmentation is to segment the text sequence. Jieba word segmentation adopts the word segmentation method based on probability. This paper selects the precise mode for word segmentation; Generally speaking, the removal of stop words refers to the removal of some words with high frequency and no practical significance in the text, and the reduction of the spatial dimension of the input text on the basis of reducing the number of words. At the same time, considering the strong emotional tendency such as onomatopoeia, interjection, turning point or comparative conjunctions, this paper adds and deletes the stop words list to a certain extent, Some stop words are shown in table 4.1.
	conjunction
	接着，就，自从，于是···

	preposition
	的，了，于···

	auxiliary word
	吧，呢，么···

	Special symbols
	￥，@，￥，%···


Table 4.1 examples of some stop words
Secondly, this paper selects part of speech as an important feature of the text, and uses part of speech tagging technology to combine word and part of speech, so as to transform the original input of the text into a vector representation of part of speech, so as to improve the phenomenon of polysemy in the traditional word vector representation method.

(1) Word vector

The neural network training model learns the feature information contained in the input text by receiving the vectorial representation of the input text. In this paper, word recognition is selected as the minimum unit of the input text, and the sentence is represented by word sequence. After the above-mentioned preprocessing steps such as data cleaning, word segmentation and removal of stop words, each word in the corpus data set can be represented as a multi-dimensional continuous vector through mapping. For example, for a known sentence with length N,  can be obtained after mapping, where represents m-dimensional vector. Accordingly, the corpus data set can obtain the word vector matrix , where the corresponding M represents the dimension of the word, and |V| represents the size of the dictionary, that is, the number of words.
(2) Part of speech vector
In text emotion analysis tasks, such as adjectives, turning connectives, degree adverbs, etc., have a great impact on the understanding and judgment of the input text on the related emotional polarity. By integrating part of speech features, classification can be better realized. If it is still a sentence with length n, part of speech tagging can obtain . Accordingly, this corpus set can obtain part of speech vector matrix , where m 'represents the dimension of part of speech and|v' | represents the number of parts of speech.

(3) Fusion part of speech
Perform operations on word vector and part of speech vector, as shown in equation 4.1
    4.1
In equation 4.1, is a vector splicing operation, that is, the input text is represented as the correlation sequence  of word vector and part of speech vector, and the word vector representation of supplementary part of speech features is obtained as the initial input of the next pre training model.

Word embedding is a text representation technology widely used in NLP research. It refers to converting words in corpus sentences into vector representation according to certain methods, and using it as the input of standard machine learning algorithm to analyze text. The basic idea of word embedding technology is to embed a high-dimensional space into a relatively low-dimensional vector space. In this low-dimensional space, each word has its corresponding vector representation, that is, the word vector is often generated, which is the input of the subsequent experimental model.

In the task of text emotion analysis, text representation is an important part. Text representation can be understood as transforming the actual text information into a computer operable and understandable vectorization model by some means. At present, two text representation technologies, vector space model and distributed representation model, are mainly used, and the word embedding technology used in this paper belongs to the category of distributed representation model. At present, the commonly used word embedding technologies mainly include one hot representation and word2vec.

NNLM can be used in complex context, but it can only be used to deal with fixed length sequences. It has insufficient flexibility and inefficient training, and is not suitable for large-scale training tasks. Therefore, in 2013, Mikolov et al. Adopted appropriate methods based on this model

The improvement measures put forward two word vector models: CBOW (continuous bag of words model) and skip gram. After that, Google publicly released the word2vec algorithm toolkit. This open source makes it easier for researchers to use CBOW and skip gram to get word vectors from training.

To sum up, both CBOW model and skip gram model can be used to obtain the word vector required for follow-up training. The difference is that CBOW model uses the words of context as input and takes the heart word as the label to be predicted and output for training; In contrast, skip gram model uses a specific central word in the sentence as the input, and trains the word in its context as the label to be predicted.

(1) Word2Vec——CBOW  Model
[image: ]
Figure 4.3 CBOW model

Compared with NNLM, three improvements have been made:

 The first point is to remove the nonlinear hidden layer set in the forward feedback and directly connect the intermediate vector layer with the output layer, so as to improve the training speed of the model;

 The second point is to use a two-way context window to predict a specific central word in a sentence, considering the context environment and mining the semantic relationship between words;

The third point is to project all word vectors of the input layer to the same intermediate vector layer, and simplify it to average on the basis of ignoring its corresponding context sequence information.

The basic idea of CBOW model is to predict the central word  through n words in two directions of the context of a specific central word w ^ t. In Figure 4.2.1, the input layer multiplies the original input, that is, the text representation of n words in the context, such as one hot, with the shared input weight matrix w to obtain the corresponding word vector representation; The middle layer maps and adds all word vectors, obtains an average value, and compares it with the output weight matrix W '; Multiplication; The output layer uses softmax calculation to obtain the corresponding probability vector, selects the item with the largest probability value as the predicted word, and compares the predicted word with the word that should be predicted to calculate the error. The same point is that the CBOW model needs to use the back propagation algorithm to continuously update and iterate the two matrix parameters w and W ', so that the error can be as small as possible. The objective function is shown in the equation
	 	（2）
CBOW model directly superimposes and averages each word in the middle layer, ignoring the word order of the sentence. However, from another point of view, the sliding of the window in the actual training is performed according to the natural word order. Therefore, the final word vector can also contain a small part of word order information. In addition, this also provides a direction to improve the word2vec model. The classification result calculated by CBOW model using softmax function is the probability that all words in the dictionary may be the central word. When the dictionary is large, it will lead to low efficiency. To solve these problems, hierarchical softmax or negative sampling algorithm is usually used to improve the efficiency.

(1) Word2vec – skip-gram model

As mentioned earlier in this section, skip gram model is different from CBOW model in construction. On the contrary, its core idea is to use a specific central word as input to predict the possible words of the central word in both directions of the context, as shown in Figure 4.2.2. The input layer multiplies the original input, that is, the text representation of a specific central word, such as one hot, with the input weight matrix w to obtain the input word vector representation; The intermediate mapping layer does not carry out actual operation, but plays the role of transmission. Similarly, it needs to be multiplied by the output weight matrix W '; The output layer uses softmax calculation to obtain the corresponding probability vector, selects the item with the largest probability value as the predicted word, and compares the predicted context word with the actual context word to calculate the error.
[image: ]
Figure 4.4 skip gram model
Similar to CBOW model, skip gram model also needs to use back propagation algorithm to continuously update and iterate the two matrix parameters w and W ', so that the error can be as small as possible. The objective function is shown in equation 3
		（3）
Word2vec converts one hot encoder into low dimensional continuous values (dense vectors) through the embedding layer, and words with similar meanings will be mapped to similar positions in the vector space. Thus, the problems of vocabulary gap and dimension disaster of one hot encoder are solved. The language model can model relatively more complex text sequences. At the same time, the word vector representation generated during model training can also contain richer semantic understanding and relevance, so as to provide a better basis for subsequent research tasks. Therefore, this paper adopts the word 2vec model.[image: ]
Figure 4.5 code example of word2vec
It is worth mentioning that with the deepening of research work, the neural network model has achieved outstanding results in structure, application and other aspects. Combined with the GA LSTM model that needs to be used in this topic, this section will mainly discuss genetic algorithm and LSTM algorithm.


[bookmark: _Toc87628342]4.3  GA-LSTM Model
Short term memory network (LSTM) is an extension of recurrent neural network (RNN), which can solve the problem of weak perception of RNN. The improvement of LSTM is mainly reflected in the addition of a forgetting gate structure in RNN to judge whether the information is useful. The essence of LSTM is RNN with special structure, so it is also a chain structure like RNN. The difference between LSTM and RNN is that LSTM contains four neural network layers. In this paper, among the 8000 data obtained by crawler, 2 / 3 of the data is selected as the training set and 1 / 3 of the data is selected as the test set to establish the genetic algorithm short-term and long-term memory network (GA-LSTM) model.
LSTM mainly controls the current memory unit state through input gate, forgetting gate and output gate. The model structure is shown in the figure:
[image: LSTM1]
Fig. 4.6  Internal structure of LSTM unit

(a) Forget gate: the function of forget gate is to control the state of the last time and how much information in the current input state will be transmitted to the current cell state. Receive the cell state transmitted from the previous hidden state and the current input cell state as the input of sigmoid function, and then map a value between 0 and 1. 0 represents elimination and 1 represents retention. The function formula is:


(b) Input gate: the function of the input gate is to update information. The cell state transmitted by the hidden state of the previous layer and the current input information are corresponding to a value in the sigmoid function, and the value range of the value is between 0 and 1. This value is used to indicate whether the information is important. The value close to 1 is very important, and the value close to 0 is not important. The function formula is:


The state function formula of the current input unit is:


(c) Output gate: the function of the output gate is to determine the value of the next hidden state. The hidden state contains the previously entered information. Use the sigmoid function to receive both the previous hidden state and the current input.
The output function formula is: 


The hidden output function formula is: 


Sigmoid function, the value of control gate is [0,1], 0 means "block all information", and 1 means "pass all information". If the forgetting gate value is 1 and the input gate value is 0, the current memory cell will "remember" the state of the previous memory cell.

The advantage of Bi LSTM over LSTM is that LSTM can only capture positive information, and for a complete sentence, its reverse information is also very important. Bi LSTM can not only capture its positive information, but also contain reverse information, so the semantic information is more abundant. For example, for "I love China", LSTM can only obtain the coding information of "I", "love" and "China", while Bi LSTM not only obtains the coding information of "I", "love" and "China", but also includes the coding information of "China", "love" and "I", and finally combines the two information into one for output. In other words, for any sentence, use LSTM forward traversal to get an output vector, and then use LSTM reverse traversal to get another output vector. The splicing of these two vectors is the output vector of Bi LSTM, that is, the eigenvector. The coding structure is shown in Figure 4.7.
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Figure 4.7  Bi-LSTM network coding vector structure
It can be seen from the above figure that when "I love China" is input into Bi LSTM network, the output vector is 
[image: ]
Figure 4.8 Bi LSTM partial code example
In this paper, genetic algorithm (GA) is used to optimize the parameters of LSTM algorithm. GA is an algorithm model that imitates the natural heredity, variation and elimination. Heredity refers to that the offspring obtain the genes of the parents expressing the corresponding traits, so that the traits between the offspring and the parents are similar. Variation occurs in the genetic process. Some gene mutations will occur randomly in the genetic process, resulting in differences in traits between the parents and the offspring. After natural selection, Nature automatically retains some individuals who adapt to the current environment, while those who do not adapt are eliminated in the struggle for survival. Because there are many similarities between biological genetics and evolution and the process of finding the optimal solution of LSTM algorithm parameters, they are all looking for an optimal individual or number. The optimization of LSTM model by genetic algorithm has the following two advantages: first, genetic algorithm has good compatibility and can be well combined with LSTM algorithm; Second, genetic algorithm can effectively avoid the local optimal solution and get the global optimal solution. Therefore, this paper uses genetic algorithm to optimize the number of LSTM layers, density layers and the number of neurons corresponding to each layer in LSTM algorithm, so as to obtain the global optimal solution, establish ga-lstm classification model and classify the emotional polarity of Chinese Texts in the database.
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Figure 4.9 partial code example of genetic algorithm
[bookmark: _Toc43040071][bookmark: _Toc87628343] CONCLUSIONS AND RECOMMENDATIONS 
[bookmark: _Toc87628344]5.1   ANALYSIS OF EXPERIMENTAL RESULTS
In this paper, the word2vec model is used to train the word vector of the comment text, and then the genetic algorithm is used to optimize the parameters of LSTM. Finally, the emotional polarity analysis is carried out through the ga-lstm model to obtain the accuracy and other results, which are compared with the separate word2vec model and LSTM model. The results of different experimental models are shown in Table 1.
	Model
	Accuracy
	recall
	F1

	Word2vec
	81.1%
	84.8%
	82.9%

	LSTM
	84.4%
	86.3%
	85.4%

	GA-LSTM
	88.0%
	91.4%
	89.7%


Table1  Experimental result
It can be seen from table 2 that the experimental effect of ga-lstm model in this paper is better than that of word2vec model and LSTM model alone. Compared with word2vec model and LSTM model, the accuracy of ga-lstm model is increased by 6.9% and 3.6% respectively.
[bookmark: _Toc87628345]5.2   RECOMMENDATIONS
In today's society, the rise of social networks makes the network an important platform for people to communicate and discuss. Netizens publish a large number of text information with emotional tendency in the online community, such as hot event comments, film comments, product experience comments, etc., and the process of using computer language to analyze and understand these texts full of emotional polarity is text emotion analysis. The traditional text emotion analysis method needs the help of complex feature extraction, which requires a lot of manpower and material resources. The rapid development of artificial intelligence in the field of deep learning solves this problem. Using deep learning algorithm to simulate the ability of neural network system to learn things, automatically process massive text data, mine text information, and analyze the emotional polarity expressed by the text is the direction of this research topic.
This paper makes emotional analysis for epidemic public opinion and effectively assists relevant departments to control the direction of public opinion. Firstly, it summarizes the development background, significance and research status of text emotional analysis technology. Secondly, it deeply introduces the research status and related technical theories of using deep learning algorithm to deal with text emotional analysis, Secondly, because twitter can not be used normally in China, this paper selects microblog, the largest Chinese social platform, as the data source of the paper, and processes it by crawling the comment text under the relevant microblog. Chinese text is very different from English in form. Chinese is a continuous sentence, unlike English, which has a natural space as a separator, and there are some symbols, conjunctions and other texts that have no actual meaning for emotional analysis. Therefore, this paper uses Jieba library for word segmentation and de stop words. After comparing one-hot model with word2vec model, word2vec model is adopted, because word2vec model can well solve the problems of one-hot vocabulary gap and dimension disaster,. In the model design part, this paper adopts LSTM neural network. Compared with RNN algorithm commonly used in natural language processing, LSTM algorithm can solve the problem of weak RNN perception, and uses genetic algorithm to optimize LSTM algorithm, so that its accuracy reaches 88% and achieves the expected goal.
Through the research on the application of LSTM model to text emotion analysis, this paper proposes an improved ga-lstm emotion classification model for the traditional LSTM model, and verifies the effect of the model in the designed experiment. As a basic research hotspot in the field of NLP, emotion analysis still needs to be solved and improved in its application in real scenes. In view of this, this paper puts forward several aspects that need to be improved in the follow-up work. The details are as follows:
(1) In the process of processing the input corpus, this paper considers the part of speech characteristics to supplement the word vector, but in the real scene, the order between words and sentences is also a very important factor in understanding a text. The different positions of the two words may also lead to specific differences in emotion. Therefore, how to better extract the word order information of the input text is a later research direction;
(2) In the process of selecting data sets for experiments, this paper only considers the intuitive semantics expressed by the comment text, but in the real scene, there are many other factors in the network platform, such as the praise expression of microblog and so on. Therefore, how to integrate multiple factors to analyze emotional polarity is a later research direction;
(3) Finally, in the process of using relevant comparative experiments to verify the classification performance of the model, this paper only considers three cases: negative, positive and neutral, but in the real scene, the emotions transmitted are more complex and diverse. Therefore, how to realize more complex text emotion mining is a later research direction.
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def word2vec_train(combined):

model = Word2Vec(size=vocab_din,
nin_count=n_exposures,
windov=window_size,
workers=cpu_count,
iter=n_iterations
)

model.build_vocab(conbined) # input: list

model. train(conbined, total_exanples=model.corpus_count ,cpochs=nodel. iter)

model.save(’ . /model/Word2vec_model.pkl')

index_dict, word_vectors combined = create_dictionaries(nodel=model, conbined=conbined)

return__index_dict, word_vectors, combined

def get_data(index_dict, word_vectors, combined,y):
n_symbols = len(index_dict) + 1

enbedding_weights = np.zeros((n_symbols, vocab_din))
for word, index in index_dict.items():
embedding_weights[index, :] = word_vectors[word]
x.train, x_test, y train, y_test = train_test_split(combined, y, test size=0.1)
y-train = Keras.utils.to_categorical(y_train,nun_classes=3)
y-test = Keras.utils.to_categorical(y_test,nun_classes=3)
return n_symbols, embedding_weights,x_train,y_train,x_test,y_test
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model = Sequential() # or Graph or whatever
# ERMBAE. SRENE—R, BRARLEE
model. add (Embedding (output_din=vocab_din,

_synbols,
rue,
ueignts=[embedding_veights],
input_length=input_length)) # WARSIAIKE

model.add (Bidirectional (LSTH(unit!
model.add (Bidirectional (LSTH(unit!

6, return_sequence:
6, return_sequence:

model. add(Dropout(6.5))
model.add (Dense(3))
model.add(Activation(’softmax’))
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def crossover(parent, pop):
if np.random.rand() < CROSS_RATE:
i_ = np.random.randint(6, POP_size, size=1)
cross_points = np.random.randint(6, 2, size=DNA_size_max).astype(np.bool)

for 1, point in enumerate(cross_points):
if point == True and pop[i_, 1] * parent[i]
cross_points[i] = False

if point == True and i <
cross_points[i] = False
parent[cross_points] = pop[i_, cross_points]
return parent

def mutate(child):
for point in range(DNA_size_max):
if np.randon.rand() < MUTATION_RATE:
if point 8
if child[point] 1= 6:
child[point] = np.random.randint(32, 257)

return child
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