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1 Research Introduction and Background
1.1 Status of Internet Development
In the information age, with the rapid development of the mobile Internet in recent years, sharing life bits and pieces has become an important way of communication between people, the number of these data is extremely large and messy, but they also contain a large number of users for today's current affairs, purchased goods evaluation information, these evaluation information or praise or disparagement, containing users' views and views on these events or goods, and these feedback information are very valuable to companies and institutions. Because they allow companies to understand the shortcomings of products, user preferences, etc. from the user's point of view, it is of great practical significance and research value to understand and analyze the emotional tendencies contained in these text data. As an important research direction in natural language processing technology, sentiment analysis covers document-level, paragraph-level, sentence-level and other research content, but with the exponential growth of unsupervised data and the improvement of corpus labeling cost in recent years, dictionary-based unsupervised sentiment analysis has received the attention of researchers, and the construction of emotional dictionary has also become a very important research content in sentiment analysis.

In the era of Web 3.0, with the rapid development of information technology and mobile internet technology, traditional vertical communication methods gradually evolved into three-dimensional explosive communication methods. The public can obtain richer information anytime, anywhere, anytime. According to a survey by the Pew Internet and American Life Project, after Hurricanes Katrina and Rita caused coastal landslides, approximately 73% of Americans said they used the websites of some major news organizations to obtain disaster information; After the Asian tsunami, 17 million Americans -13% of internet users - made online donations using the internet. Once an emergency occurs, the flow of information will rapidly increase on the Internet, which will have an impact on the development of the event and even trigger derivative events. Nowadays, sharing and disseminating information through social media platforms has become an increasingly important and inseparable part of daily life. For example, people often use these short texts to express their views on certain social events, explain their evaluation of the quality of certain products, or describe their mood today. Therefore, these text data contain a large amount of information that expresses users' emotional tendencies, Mining the emotions in these data is beneficial for companies to understand the advantages and disadvantages of their own products and the mainstream preferences of users, while also facilitating other consumers to better understand the products, helping them make judgments or make corresponding correct decisions; Therefore, analyzing the emotional tendencies of these long text data (such as Wikipedia articles, email text content, etc.) and short text ratio data (such as Weibo, product reviews, etc.) has very important research and application value.

Emotional analysis is a type of technology that extracts emotional information from text; In recent years, through years of research accumulation, people have developed a large number of learning algorithms to solve various emotional analysis problems in text, such as emotion classification and viewpoint mining. Although these methods have good classification results, they heavily rely on annotated data. With the rapid development of mobile internet, unsupervised data is increasing exponentially every day, and the cost of data annotation is also increasing; Therefore, how to extract emotional information from massive text data using unsupervised methods is a highly concerned issue in both academia and industry today. Dictionary based sentiment classification method is an unsupervised method in sentiment analysis that can quickly process a large amount of data. Based on existing sentiment dictionaries, researchers can process the rapidly increasing amount of text data while ensuring high classification accuracy. At the same time, sentiment dictionaries are not only the foundation of sentiment analysis tasks based on sentiment dictionaries, but also an important source of word level sentiment supervision information for other sentiment analysis tasks. For example, in document sentiment classification tasks, adding word level sentiment information can significantly improve classification accuracy. Therefore, sentiment dictionary construction has always been a research hotspot in the field of sentiment analysis.

1.2 Application requirements of text tendency analysis
With the rapid upgrading of the network society and the advent of the Web 3.0 era, the network has gradually changed from a flat static information carrier to a platform for people to publish information in a personalized way. More people are willing to share and recall their feelings on the Internet (blogs), clarify their views on policies (news reviews), publish their own product reviews (product reviews), and so on. Unlike traditional structured data, its representation is mostly unstructured or semi-structured review text. In the face of such a large number of emotionally informative texts, there is an urgent need to find a way to quickly study attitudes towards large-scale texts. It is in this context that the study of text trend analysis is carried out. In the business field, it can provide more valuable information for enterprises to conduct market analysis, market research, and customer feedback; In the field of management, it can help leaders understand the feedback of the masses on various policies and measures more quickly, so that the wisdom of government and private wisdom can interact more benignly.

Different from traditional information retrieval and text processing, text tendency analysis focuses on the emotions and attitudes embodied in the text content, rather than the content of the text itself, and is an in-depth and expanded research on traditional information retrieval, information extraction, text mining, topic identification and tracking. Emotion is a fairly broad concept that involves people's opinions, perceptions and evaluations, including the evaluation of human behavior relative to social standards, the evaluation of products relative to national and industry mandatory standards, aesthetic evaluation, etc. Text tendency analysis refers to making category judgments on the emotional tendency of the text by mining and analyzing subjective information such as positions, opinions, opinions, emotions, likes and dislikes in the text. The emotional tendency of a text refers to the positive or negative tendencies reflected in the text and the strength of its emotional tendencies. According to current research, textual sentiment categories are usually divided into two categories (positive, negative) or three (positive, negative, and neutral), and most of them consider both categories. Define positive (supportive, healthy) attitudes and positions in the topic as positive; Define negative (opposed, unhealthy) attitudes and positions in the subject as negative and neutral attitudes and positions in the topic as neutral.

Text tendency analysis can be widely used in social public opinion analysis, product online tracking and quality evaluation, film and television evaluation, Blogger reputation evaluation, news report review, event analysis, stock commentary, book recommendation, enterprise intelligence system, customer relationship management (CRM), etc.
(1) Product evaluation and recommendation: At present, most product manufacturers and sales manufacturers hope to obtain targeted opinions on improving product quality by tracking users' feedback on products; Potential consumers also want to adjust their purchase intentions through real online review information. However, with the number of reviews growing rapidly, merchants and potential consumers alike want a way to help them automate the processing of these product reviews. Using text tendency analysis technology to organize and classify product review opinions is conducive to people understanding products and cultivating potential consumer groups.
(2) Blogger reputation evaluation and spam blog filtering: Timely interactivity is one of the characteristics of blogs. Most bloggers use blogs to express their own opinions on things and comment on the opinions of others, and blog viewers mostly judge the reputation of bloggers based on comment information, and interaction with viewers is the motivation for many bloggers to continue to write blogs. The use of text tendency analysis technology can mine the views of viewers on Blogger, so as to obtain Blogger's reputation. In addition, blogs that are dominated by spam such as advertisements can be filtered through propensity analysis technology.
(3) Social public opinion analysis: Public opinion refers to the social and political attitudes generated and held by the people towards social managers in a certain social space, around the occurrence, development and change of intermediary social events, which is the sum of people's beliefs, attitudes, opinions and emotions expressed by various phenomena and problems in society. Because of its openness and virtuality, the Internet has become an important channel and space for public opinion expression. Using text tendency analysis technology, we can understand online public opinion in a more timely manner, so that folk wisdom and official wisdom can interact more benignly.
(4) Film and television evaluation: Film and television evaluation is a bridge between film art and the audience, and an important means to realize the triple value of film (artistic, social and economic). Film reviews mainly analyze the theme, shooting, plot, character image, character language style, performance skills, pictures and other aspects of the film, and at the same time, express opinions on the music design, picture characteristics, character costume and makeup modeling, character and environment matching, color use and other aspects of film and television works, reveal and excavate the aesthetic value, cognitive value and ideological significance contained in film art, explore the law of film art creation, and find out successful experience and failure lessons from it. Text sentiment tendency analysis technology can realize the automatic classification of film reviews, which is conducive to users to quickly browse positive and negative comments, and reduce blindness when watching movies and television.

In recent years, text tendency analysis technology has been gradually applied to more fields. For example, Pulse, a business intelligence system developed by Microsoft, can extract users' views on product details from a large number of review text data using text clustering technology; Opinion Observer, a product review mining system, uses the rich customer review resources on the network to analyze and process the subjective content of reviews, extract various characteristics of products and consumers' evaluations, and give a visual result.

In summary, the study of text tendency analysis has broad application prospects and can create huge social and economic benefits. Due to the arbitrary openness of the form and content of online texts, the research of text sentiment classification is particularly difficult, which usually requires the intersection of multidisciplinary means such as text mining, information extraction, information retrieval, machine learning, natural language processing, statistics, corpus linguistics, ontology, cognitive science, and visualization technology.

1.3 Theoretical significance
At the theoretical level, it deepens researchers' understanding of the characteristics of the field, provides new ideas for the construction of emotional dictionaries in the book field, deepens the understanding and grasp of the regular characteristics of user expression, and provides new references for the methods and methods of constructing domain emotional dictionaries. Specifically, it is summarized in the following two aspects.
(1) It deepened the researchers' understanding of the vocabulary of experiential product characteristics. The understanding of the vocabulary characteristics of the domain is the basis for building a dictionary, and the existing research for the experiential field problems are basically based on the refinement of the general dictionary and the direct use of domain data two ideas, without understanding the differences in each field from the lexical characteristics, this paper better analyzes the user characteristics and wording habits in specific fields, and provides a reference for in-depth understanding of the field of experiential products.
(2) It expands the research boundaries of emotional dictionaries. The emotional dictionary has always been represented by several basic fields such as vocabulary, polarity, and intensity in form, but the use method after providing the dictionary, the scope of application of the dictionary, and the boundary of research have not been well resolved, this paper proposes the specific ability calculation method of emotional words through the association between attribute words and emotional words, and enriches the research boundary of the construction and application of emotional dictionaries as a subfield of opinion mining and opinion analysis research.

1.4 Practical significance
At the practical level, the construction and use of emotional dictionaries has always been a key issue of common concern in academia and industry, and this study provides a new emotional dictionary for the problem of excessive roughness of emotional dictionary, which extracts more hidden words to a certain extent and strengthens the application ability of vocabulary. Specifically, it includes the following two aspects:
(1) It provides a sentiment analysis tool that is more suitable for scenarios in the book field. Based on fully understanding the user behavior and expression characteristics, this paper constructs a book domain dictionary on the basis of fully understanding user behavior and expression characteristics, combined with corpus characteristics, to improve the domain reference ability, and adjust with different contexts to improve the applicability of scenes.
(2) Improve the status of emotional dictionaries in sentiment analysis work. Emotional dictionary as the basic tool of sentiment analysis, at the same time, the field as a mini natural language processing task, has been management science, computer science, e-commerce and other disciplines of the intersection and research focus, but in the practical work of the scope of application has been limited, usually as a supplement to other analysis methods and tools, this paper by analyzing the superiority of the emotional dictionary to build a highly adaptable dictionary in the field, try to improve the ability and application scope of the emotional dictionary in practical work.

2 Literature Review
At present, in recent years, a lot of research has been done on the construction of emotion dictionaries both domestically and internationally. Numerous machine learning algorithms have been used to extract emotion information from text. Currently, the constructed emotion dictionaries can be roughly divided into two categories: domain independent emotion dictionaries and domain dependent emotion dictionaries.

2.1 Method for Building an Emotional Dictionary Based on Knowledge Base
The dictionary-based sentiment dictionary method extends the newly created mood dictionary based on the existing sentiment dictionary. Some studies build emotional vocabulary by examining the relationships between words in common emotional vocabulary.In particular, the bottoms of synonyms, antonyms, and original words are extracted from common emotional dictionaries such as WordNet and HowNet. The extracted words are then generated as another set of words to expand the original list of source words. Repeat the process just now, then filter the set of words and set up an extended sentiment dictionary.

Researchers believe that in existing emotional dictionaries, there is a grid structure between words. In this way, you can broaden the list of original source words by calculating the similarity between the original source word and the existing sentiment word (positive or negative) in the sentiment dictionary. Kamps et al. [1] argue that, according to this approach, two words with similar meanings require less synonym repetition.
Therefore, the similarity between words can be indicated by the number of repetitions. In addition, some studies have shown that emotional words can also be expanded by the interpretation of existing emotional vocabulary. For example, Baccianella et al. [2] for the first time broadened the original initial vocabulary based on the network structure between WordNet Chinese books. In this study, an emotional vocabulary was constructed, using word definitions as a corpus for emotional tendency development of emotional candidates. Hu et al. [3] artificially constructed a small set of words with positive and negative emotions (adjectives) as the starting sentences, and expanded the emotional vocabulary based on synonym and antonym relationships in WordNet, and finally obtained emotional vocabulary of a certain magnitude. Strapparava et al. [4] added some nouns, verbs, and adverbs to the adjective-based starter kit, suggesting the use of the WordNet effect to create a more complete emotional vocabulary. Kamps et al. [5] argued that two words with similar meanings require fewer synonym iterations, so they used WordNet to determine the emotional polarity of the candidate words. Hassan et al. [6] constructed a relationship graph between words based on WordNet and determined the emotional polarity of candidate words based on the frequency at which they are converted to words with different known emotions. Liu Weiping [7] used the HowNet emotional dictionary as a reference, selected some commonly used emotional words, created a set of basic emotions, and used the "HowNet semantic similarity method" to create an emotional dictionary. In addition, finding the relationship between a word and its meaning also helps create an emotional dictionary. Andreevskaia et al. [8] use the Sentiment Label Extractor (STEP) to extract the Sentiment Word extension from WordNet, bypassing all definitions, filtering and eliminating words that contain source words in the definition, and adding them to the sentiment dictionary. Esuli et al. [9] assumes that the definition of synonyms includes words of equal polarity, and uses the PageRank method to determine the emotional polarity of words. Liu et al. [10] identified basic emotions based on the Open Mind Commonsense database and divided them into six basic categories: happiness, sadness, anger, fear, disgust, and surprise. Lu et al. [11] used synonyms and bilingual dictionaries to construct a vocabulary map, and then used a semi supervised graph model to obtain more positive and negative emotional words from the seed words. Zhou Yongmei et al. [12] proposed an emotion dictionary construction method based on HowNet and SentiWordNet, which decomposes Chinese words into corresponding English semantic elements. Then, SentiWordNet is used to calculate the emotional tendency values of semantic elements, obtaining the positive and negative emotional tendency values of Chinese words, respectively. Yi Lixia et al. [13] improved Hu's method and proposed the POAE algorithm to automatically extend polar adverbs based on the dictionary WordNet3.0. In addition to synonymous and antonymous relationships, they also used the synonymous and antonymous relationships in the WordNet dictionary.

In summary, a comprehensive semantic knowledge base can quickly build a universal emotional dictionary. In situations where the accuracy of the dictionary is not high, this method is more practical. The shortcomings of the Chinese semantic knowledge base and domain limitations make this method perform poorly in constructing sentiment dictionaries for the financial field.

Compared with other methods, emotion analysis methods based on emotion dictionaries may seem relatively simple, but in practical operation, building an emotion dictionary not only requires significant material and human resources, but also the accuracy of emotion analysis results is directly affected by the quality and coverage of the dictionary. Although the aforementioned researchers and organizations have continuously expanded and improved emotional dictionaries, and have made some achievements and progress, the research on emotional dictionaries has its inherent shortcomings, making it impossible to break the constraints of "dictionaries" no matter how much improvement and optimization is made. Firstly, it cannot keep up with the times and adapt to changes quickly enough; Secondly, it cannot contain all relevant emotional words; Thirdly, for texts with implicit emotional features, it is not a good approach. The above reasons and the limitations of the method itself make it impossible for sentiment analysis based on sentiment dictionaries to have a high-precision analysis result.

2.2 Corpus based sentiment dictionary construction method
The corpus based emotion dictionary construction method refers to extracting emotion words and orientations from a specific corpus. A corpus is generally a collection of language materials that appear in practical use, and there are many methods to calculate the emotional polarity of words based on the relationships and contextual information between text words in the corpus. Hatzivassiloglou et al. [14] first proposed the use of syntactic connections to identify emotional words and determine their polarity, and conducted extensive experiments to obtain data to prove the polarity relationship between words before and after conjunctions. Kanayama et al. [15] determined the initial emotional word set and the required corpus, established conjunctions constraints, set thresholds, and automatically generated the required emotional dictionary using unsupervised methods. Xia et al. [16] considered using conjunctions to determine the emotional polarity of adjectives and using Bayesian models to handle polarity disambiguation tasks in a probabilistic manner. Yin Chunxia et al. [17] used contextual information between words in free comments to model an emotional orientation network relationship and determine the emotional orientation of words. In addition, some researchers have also proposed using word co-occurrence to construct an emotional dictionary, which means that there is a certain correlation between two words that often appear together, and based on this, emotional polarity can be determined. Among them, the method of measuring the correlation between two words using point by point mutual information (PMI) is more commonly used. Turney [18] proposed a PMI-IR algorithm using point by point mutual information and information retrieval to measure the similarity between words. Later, Turney [19] determined the emotional polarity of candidate words by calculating the difference in PMI of different seed words of the candidate words. Based on Turney's ideas, Wawer [20] focuses on the generation method of seed sets, using the generated seed sets to determine the emotional polarity of candidate words. Krestel et al. [21] used LDA to extract emotional words and combined it with PMI to determine emotional polarity. Zhong Minjuan et al. [22] proposed emotion word extraction and recognition based on association rule mining, and combined the PageRank model and PMI semantic filtering to introduce mixed correlation relationships between vocabulary, study the original emotional tendencies of vocabulary, and effectively construct an emotion dictionary. Compared to semantic knowledge bases, corpus has the advantage of being easy to obtain and abundant in quantity. The constructed dictionary performs well in the field to which the corpus belongs, but the construction cost is high, requiring preprocessing of the corpus. In addition, the accuracy of the constructed dictionary is relatively low. Gamon et al. [23] extended Turney's method by adding a hypothesis that emotional words with opposite emotions often do not appear together at the sentence level. Huang et al. [24] used conjunctions to determine the polarity relationship between words, combined with the negative form of word morphology, to construct an emotional polarity constraint matrix, and then used point by point mutual information to determine the emotional polarity of words. Yang Chunming et al. [25] used point by point mutual information to reflect the correlation between words, and used the non negative matrix factorization (NMF) method to construct the relationship matrix between emotional words in the corpus, as well as between emotional words and evaluation objects. Then, this relationship matrix was combined with the semantic and morpheme relationships of words to construct a graph model to construct an emotional dictionary. Zhong Minjuan et al. [26] first used association rule mining algorithms to extract and recognize emotion words that reflect domain features, and then based on the PageRank model and mixed correlation relationships to distinguish the polarity of emotion words.

At present, using deep learning methods to construct emotion dictionaries has become a trend. Yang Xiaoping et al. [27] used the Word2Vec tool to extract word vectors from large-scale Chinese corpora, studied sentiment classification, and selected seed words. Based on the transformation constraint set, the sentiment polarity and intensity of candidate words were obtained, resulting in a multidimensional Chinese sentiment dictionary SentiRuc. Wang Renwu et al. [28] combined Word2Vec word vector technology to construct a product feature word and sentiment word library, further constructing sentiment concepts for sentiment ratings, and using them to analyze user sentiment for specific features of brand products. Hu Jiaheng et al. [29] used the word vector method to map text information into the vector space, utilized existing universal sentiment dictionaries, automatically indexed and trained corpus, and constructed a deep neural network classifier using Python to determine the emotional polarity of candidate sentiment words in specific fields, and constructed an sentiment lexicon.

2.3 Research on attribute word extraction
In the field of opinion mining and sentiment analysis, scholars have found that the extraction and association research of attribute words are inseparable from the recognition and analysis of emotional words, in fact, attribute words and emotional words can be regarded as the entire content of user comment feature words. Sentiment analysis and sentiment dictionary research that detach from attribute words will limit the scope of practical application in this field. Some researchers also work on attribute words as part of an emotional dictionary. Lee Y, Park S et al. proposed a method of constructing an emotional dictionary for place, first taking the place as an entity, the noun most closely related to the place as the attribute word, and then finding out several candidate emotional words that modify the attribute word, calculating the possibility of the association between the emotional score and the vocabulary, and taking the catering industry as a case to experiment, this field-oriented emotional dictionary construction method better considers the user scenario, is more targeted, and enriches the field content of the emotional dictionary. Peleja F and SantosJ propose an emotion dictionary construction method based on named entities, which ranks the emotional word strength and enters the dictionary above a certain threshold. Some researchers use the improved LDA model to identify important attribute vocabulary and emotional words that appear as named entities and solve the problem of implicit attributes in sentiment analysis, and take movie review data as an example to realize the extraction of attribute words and emotional words in crowdsourced data. Aiming at the problem of ambiguity of emotional words, Wu S, WuF et al. proposed an emotional polarity classification framework, integrated the general dictionary and semantic knowledge base, and proposed an unsupervised extraction method for emotional words and attribute words, which achieved good results.

Pasca M and Durme B made significant contributions in the early days of using crowdsourcing intelligence to identify attributes and avoid complications. First, obtain large-scale user search logs (query logs) on the network, the shorter corpus ensures less noise and clear specificity, and uses the special role of English syntactic intermediaries to set multiple filters based on modification relationships, and map the corpus as a collection of attributes. Lee T, Wang Z et al. were inspired by this method to propose an attribute word extraction method based on probability model, on the basis of selecting seed attribute words, collecting corpus including user search logs, calculating the conditional probability of candidate attribute words and seed attribute words, the advantage of the method is that it takes advantage of large scale and strong regularity of network data and avoids rule-based stereotypes, and calculates the degree of attribution of attribute words in different categories. Yahya M, Whang S et al. propose a feature word extraction method based on syntactic structure, and the automatic association model generation method extracts seed attribute words to avoid subjectivity in the manual selection process. Considering the problem that low-frequency attribute words are not well included, Liu Q, WuD et al. selected the Internet encyclopedia corpus as experimental samples, extracted high-frequency attribute words by unsupervised learning method, and calculated the upper and lower relationship between high-frequency words and candidate words to extract attribute words based on lexical relationships.
2.4 Comparison of Two Methods for Generating Emotional Dictionaries
Although there have been many research results on the construction methods of emotion dictionaries both domestically and internationally, there are still many urgent problems that need to be solved; (1) The emotional tendency of words is not fixed, but varies depending on their field, theme, or context. Currently, most emotional dictionaries do not fully consider the impact of this emotional variability on the construction of emotional dictionaries, which hinders their application in specific fields or themes. Therefore, It is crucial for the application of emotion dictionaries to fully consider the emotional changes of words in different environments. (2) At present, many methods for constructing sentiment dictionaries are data-driven. Due to the difficulty in obtaining sentiment information at the word level and the relative ease of document level sentiment label information, many researchers have used document level sentiment label information to construct sentiment dictionaries in recent years. However, most of the current research work has not taken into account the use of document level sentiment labels, The contribution weight of different words in a document to the overall emotional orientation of the document varies, and at the same time, most of the words in the document are even emotionless. Therefore, distinguishing between different words in a document can better utilize document level sentiment label information and build a better sentiment dictionary. (3) In recent years, due to the rapid development of deep learning, more and more researchers have utilized deep neural networks to construct emotion dictionaries. They are usually based on deep neural networks to learn word vectors containing emotional information, and then train classifiers with some known emotional tendencies as a training set. Finally, the trained classifiers are used to predict the emotions of unknown emotional tendencies; This model framework can effectively utilize document and word level emotional information, but it is also limited by whether there is enough word level emotional supervision information in this field for training; Therefore, whether deep neural networks can be used to automatically learn emotion dictionaries also has great research value. (4) Emotional dictionaries have important research and application value in the field of sentiment analysis. For example, people apply emotional dictionaries to text sentiment discrimination, viewpoint mining, etc. This article applies emotional dictionaries to rating prediction tasks in recommendation systems, hoping to further expand the application value of emotional dictionaries.

In summary, the author found that building a dictionary based on a knowledge base or a corpus has its own advantages and disadvantages: a dictionary built on a knowledge base is universal and accurate, but has poor domain applicability; Corpus based sentiment dictionaries can be constructed using large-scale corpus, but the cost is high and the accuracy is low. In recent years, with the rapid development of neural networks and deep learning, Word Embedding has become a hot topic in the field of natural language processing, with the most famous being Word2Vec. Word2Vec is an efficient open-source tool released by Google in 2013 that characterizes words as real valued vectors. It utilizes deep learning ideas, combines language models, and simplifies the processing of text content to vector operations in a k-dimensional vector space through unsupervised training. The similarity in vector space can be used to represent the semantic relevance of text. There are two models used to construct word vectors in Word2Vec, one is the CBOW model (ContinuousBag of WordsModel) and the other is the Skip Gram model (ContinuousSkip GramModel). The principle of the CBOW model is to predict the middle words based on the surrounding words, while the Skip Gram model predicts the surrounding words based on the middle words. Therefore, the CBOW model is more suitable for small-scale datasets and can smooth out many distributed information, while the Skip Gram model is more suitable for large-scale datasets.

2.5 Construction of Domain Emotion Dictionary
The traditional emotion dictionary construction method relies more on manual annotation and the semantic relationships between words in the existing semantic web. Although the accuracy is high, the dictionary coverage is low and the cost is huge. For the rapidly expanding data volume and application scenarios, it can no longer meet the needs of reality; At the same time, these rapidly growing data (such as Weibo, comments, WeChat spatial dynamics, etc.) are more cluttered than traditional long text data (such as novel articles, news content, Baidu Encyclopedia pages, etc.), which hinders the application of traditional sentiment dictionaries in practice. Therefore, it is very important to study the construction methods and applications of sentiment dictionaries. The research content of this article is to study the method of constructing sentiment dictionaries based on text data and apply it to rating prediction tasks in recommendation systems.

Therefore, this article combines the advantages of knowledge bases and corpora, and utilizes deep learning methods to convert words into word vectors. At the same time, a neural network is used to construct an emotional polarity classifier to determine the emotional polarity of words, thereby avoiding inaccurate classification. Finally, an automated method for constructing an emotion dictionary for the field of emergencies is proposed.

3 Related work on constructing emotional dictionaries
3.1 Glossary
In this article, some terms from relevant fields will be involved in the research process of constructing emotion dictionaries. In order to better connect existing work with our research, this section will introduce some of the terms used in this article.

Sentiment Lexicon: An emotion dictionary is a collection of words or phrases that annotate emotional tendencies, containing the word itself and its corresponding emotional tendencies, such as the word 'good', which has a positive emotional tendency.
Sentiment Polarity: Emotional tendency is the polarity of positive and negative emotions exhibited by a word or text in a certain context. Emotional polarity is generally divided into: positive emotions, moderate emotions, and negative emotions; At present, some tasks can also be divided into five categories: extremely positive emotions, positive emotions, moderate emotions, negative emotions, and extremely negative emotions.
Subjective Analysis [30]. Subjective analysis corresponds to objective analysis, indicating whether the author's attitude towards describing the text is subjective or objective (for example, journalists are objective when describing news and subjective when evaluating current events on personal blogs); Note that emotional analysis targets subjective texts, as objective texts, even if they contain emotional tendencies, are not expressed by the author.
Sentiment Classification: Emotion classification refers to the classification of text or words, and the classification labels can be divided into two categories: positive emotion and negative emotion. Or the three or five categories mentioned above.
Context: Context refers to a piece of text surrounding (or before) a word or phrase, which can help us understand the grammar and semantics of the word.
Supervised Learning [31-33]. Supervised learning refers to the process of adjusting the parameters of an algorithm using a set of known class samples to achieve the required performance; Also known as supervised training or teacher based learning.
Unsupervised Learning [31-33]. Unsupervised learning refers to the process of directly learning knowledge from sample data of unknown categories.
Sample [31-33]. Also known as an instance, the input of a machine learning scheme is a set of samples that are classified, clustered, or correlated by machine learning, each consisting of a set of features or attributes.

3.2 Classification of emotion dictionary construction algorithms
Emotional dictionaries are a very important research content in emotional analysis. The construction methods of emotional dictionaries can be roughly divided into two categories: dictionary based and corpus based. In recent years, with the development and evolution of technology, researchers have explored numerous efficient and practical methods for constructing emotional dictionaries; This section will explain the basic principles of these methods and the process of constructing sentiment dictionaries from a technical perspective.

3.2.1 Similarity based sentiment dictionary construction method
The common approach for constructing an emotion dictionary based on similarity is to measure the distance between candidate words (words without marked emotional tendencies) and emotion labels. If the distance between the candidate word and the positive emotion label is closer than the distance between the negative emotion label, the candidate word represents positive emotion. If the distance between the candidate word and the negative emotion label is closer than the distance between the positive emotion label, the candidate word represents negative emotion, If the distance between the candidate word and the positive and negative emotion labels is basically the same, then the candidate word exhibits moderate emotion. Therefore, the core of the similarity based emotion dictionary construction method is to measure the distance between candidate words and positive and negative emotion labels; At present, researchers mostly use Point wise Mutual Information (PMI) as a measurement method. In natural language processing, PMI is generally used to measure the correlation between two words.

[image: ]3.2.2 Method for constructing sentiment dictionaries based on probabilistic topic models
Figure 1 Traditional probabilistic theme model and model after fusing sentiment information
The probabilistic topic model is a very important and widely used unsupervised method in the field of natural language processing; In the field of emotion dictionary construction, there are also many researchers who combine probabilistic topic models and emotion supervision information to construct emotion dictionaries. The traditional probability topic model (Latent Dirichlet Allocate, abbreviated as LDA) is a very important method in probability topic models. Many emotion dictionary construction models are based on this method to expand. Therefore, this article will focus on describing the emotion dictionary construction method based on probability topic models. By introducing topic hidden variables, the entire document is represented as a polynomial distribution on the topic, The theme is represented as a polynomial distribution on words; The structure diagram of LDA is shown in 2.1 (a), which shows that LDA introduces the potential theme variable z, θ M represents the probability distribution of the topic in the m-th document, and represents the distribution of the k-th topic on words.

In order to use probabilistic topic models to construct sentiment dictionaries, two issues must be addressed: (1) introducing sentiment supervised information (such as document level or word level sentiment labels) into unsupervised probabilistic topic models; (2) In addition to introducing the variable of potential theme, it is also necessary to directly or indirectly introduce emotional variables, that is, the generation of words needs to consider both the influence of emotion and theme. At present, some research work has simultaneously solved the above two problems and constructed corresponding sentiment dictionaries. Figures 2.1 (b) and 2.1 (c) list two such methods, ssLDA (supervised sensory aware LDA) and TSTM (Tag Sentient Topic Model, TSTM); In ssLDA, document level emotional supervision information acts on the distribution of emotionally inclined topics in the document θ (s) On the hyperparameters of, topics with emotional tendencies include positive and negative emotional themes. When the emotional label of the document is positive, ssLDA passes θ (s) The probability of generating positive emotional themes is higher than that of generating negative emotional themes, and vice versa. Through this approach, ssLDA can effectively introduce document level emotional supervision information; At the same time, although ssLDA does not explicitly introduce potential emotional variables, it uses symbolic variables s and n to divide themes into emotional themes Z (s) and non emotional themes Z (n), and then generates emotional words through emotional themes, and ruthless words through non emotional themes. In TSTM, the author introduces the potential emotional variable l, which is generated through the polynomial distribution π of the document's emotions. However, it should be noted that TSTM does not introduce document level emotional supervision information. It only introduces word level emotional supervision information through a small number of positive and negative emotional words. When generating a positive emotional topic, the parameters corresponding to the positive emotional seed words β Set to 0.001, and the parameter corresponding to the negative emotion seed word β Set to 0, and vice versa. If readers want to further understand the detailed process of ssLDA and TSTM, they can refer to relevant literature. Although sentiment dictionaries constructed based on probabilistic topic models currently consider the emotional changes of words under different themes, they still have certain problems. For example, in the ssLDA model, only 2 have emotional themes, and the relationship between emotional themes and non emotional themes is segmented, resulting in this model not fully considering the emotional changes of words under each potential theme. In TSTM, The author did not utilize document level emotional supervision information, and only a small portion of word level emotional supervision information was utilized. Therefore, it is necessary to construct an efficient emotional dictionary construction method that can simultaneously utilize both document level and word level emotional supervision information.

3.2.3 Emotional Dictionary Construction Method Based on Traditional Machine Learning
The common approach of emotion dictionary construction based on traditional machine learning is to transform the emotion dictionary construction task into a word level emotion classification task; Its main framework is to first construct feature vectors of words, which can include but are not limited to word roots, form, part of speech, etc; Then, construct some words with known emotional tendencies through existing artificial emotion dictionaries or semantic dictionaries; Finally, a word level sentiment classifier is constructed to predict the sentiment tendencies of words with unknown sentiment tendencies, thereby constructing an sentiment dictionary. At present, traditional machine learning classification methods that are widely used in this type of method include Naive Bayesian Classifier, Support Vector Machine, and Logistic Regression;

·The sentiment dictionary construction method based on logistic regression: The purpose of the sentiment dictionary construction method based on logistic regression is to divide words into positive or negative sentiment labels, which is a binary classification problem; In binary classification problems, linear classifiers are a simple and effective method, whose core idea is to make classification decisions through linear combinations of sample features.

·A sentiment dictionary construction method based on support vector machine: Support vector machine is a classification model, whose core idea is to find a hyperplane to segment samples. The principle of segmentation is to maximize the spacing. Support vector machine is a very powerful classification model, which can classify training samples by maximizing the hard spacing principle when they are linearly separable. For training samples that are approximately linearly separable, Classification can be achieved by maximizing the soft interval. For training samples that are linearly indivisible, classification can also be achieved by defining kernel functions and maximizing the soft interval; When using support vector machines to construct word level sentiment classifiers in the field of sentiment dictionary construction, linear support vector machines are generally constructed because there are generally fewer word level features and the correlation between features is not strong. Therefore, this article will only briefly introduce linear separable support vector machines. If readers want to learn more about support vector machines, they can refer to relevant books.

·A sentiment dictionary construction method based on naive Bayes: In traditional machine learning algorithms, naive Bayes is different from most classification methods. For most methods, such as logistic regression, support vector machines, etc., they are discriminant models, which directly learn the relationship between sample category y and sample feature x.

3.2.4 Method for constructing emotion dictionaries based on deep neural networks
The emotion dictionary construction methods based on deep neural networks are usually divided into the following categories:
1. Supervised learning methods: These methods use large-scale text data with emotional labels to train deep neural network models. The model can be CNN, LSTM, RNN, Transformer, etc. Through training, the model can automatically learn emotional related words and phrases. Then, these words and phrases can be collected and constructed into an emotional dictionary.
2. Unsupervised learning methods: Unsupervised learning methods do not rely on data with emotional labels. They typically use large-scale text data to discover emotionally related words and phrases through techniques such as automatic encoders, clustering, or word embedding. The advantage of these methods is that they do not require manual annotation of data, but their constructed sentiment dictionaries may not be as accurate as supervised methods.
3. Reinforcement learning methods: Reinforcement learning methods attempt to construct an emotional dictionary through interaction with the environment. The model can update the sentiment dictionary based on the performance of the sentiment analysis task. The advantage of this method is that it can dynamically adjust the sentiment dictionary based on specific tasks, improving the effectiveness of sentiment analysis.

4. Method and Design of Domain Dictionary Construction
The domain dictionary construction process designed in this article is shown in Figure 2, which is mainly divided into four parts.
[image: ]
Fig. 2. approach of generating sentiment lexicon
(1) Data preprocessing mainly includes obtaining domain specific corpora and integrating existing sentiment dictionaries.
(2) The construction of a word vector model mainly relies on the Word2Vec model in deep learning to convert text words into word vectors, laying the foundation for the subsequent construction of neural network classifiers.
(3) The construction of a neural network classifier mainly relies on the corpus prepared by the author and the fused emotion dictionary to construct the required corpus for training. At the same time, a word vector model is used to convert words into vectors for neural network training, and finally an emotion classifier is obtained.
(4) The construction of a domain emotion dictionary. An emotion dictionary mainly consists of two parts: the obtained emotion dictionary; Obtain candidate emotional words for a specific field. Use the trained neural network classifier to judge its emotional polarity, and finally organize the required domain emotion dictionary.

4.1 Data preprocessing
Data preprocessing includes the processing of semantic knowledge base and corpus. For the semantic knowledge base, based on previous research, this article first constructs a new dictionary that includes the fusion of Chinese universal sentiment dictionaries, including positive and negative sentiment words from HowNet sentiment dictionary, Taiwan University sentiment dictionary (NTUSD), Dalian University of Technology sentiment vocabulary ontology (DUTIR), and Tsinghua University Li Jun sentiment dictionary. Subsequently, the four emotion dictionaries mentioned above were repeated, organized, and merged to generate a new dictionary containing 16156 positive words and 19558 negative words. As shown in the table 1.
Table 1 Words collection of general sentiment lexicons
	
	Positive words
	Negative words

	HowNet
	836
	1254

	NTUSD
	2812
	8278

	DUTIR
	11230
	10786

	TSING
	5568
	4469

	总计
	20446
	24787

	融合后的词典
	16157
	19559



For the corpus, a preprocessing method is adopted for the collected corpus, which first removes special symbols and stop words, and then performs word segmentation through Python programming. The processed corpus is an important resource for constructing domain emotion dictionaries. To lay the foundation for the following experiments.
4.2 Construction of Word Vector Model
This section is mainly divided into three steps: first, collect seed words, then calculate the similarity between words, and finally input the obtained word vector into the neural network classifier.

Build the word vector model required for this article using Python and the open-source toolkit Gensim. A word vector is a distributed representation of word features, and the value of the word vector dimension is related to the size of the corpus. A low dimension cannot capture semantic differences between words, while a high dimension will capture some noise that is not useful for generalization ability, namely the high variance problem. In addition, the larger the dimension, the higher the cost of constructing word vectors. Usually, when the size of the corpus is less than 100MB, the default parameter of 100 dimensions is sufficient.
Due to the small size of the corpus used in this article, the CBOW model is used to construct word vectors, and the dimension of the word vector is selected as 100 dimensions.

Firstly, this study collected seed words from previously formed positive and negative vocabulary in dictionaries, as well as emotional words in the emergency field summarized in previous studies. These emotional words from the emergency domain can be used as seed words for constructing an emergency domain emotional dictionary. Simultaneously, using Word2Vec to process the emergency domain corpus obtained before training, form a word vector. Word2Vec has two models, Skip gram and CBOW. The former predicts context based on core words; The latter predicts the core words based on the context. In addition, the CBOW model can achieve better performance in predicting high-frequency words, as it can better utilize contextual information to predict target words. This study utilizes CBOW to train the emergency domain corpus, with the following parameter settings:LineSentence (inp), size=100, window=10, min_ Count=5, workers=multiprocessing. CPU_ Count(), sg=1.

Secondly, this study calculated the similarity of words in the seed word set of the emergency domain corpus. Collect the 5 words in the corpus that are most similar to each seed word as candidate sentiment word sets. Then, this study generated a candidate sentiment word set containing 3734 words.

Finally, this study obtained candidate sentiment word sets and word vectors for emergency domain sentiment words (output from step one). Specifically, this study used Word2Vec and BERT pre trained models to obtain word vectors as inputs for the deep learning classifier in step 3. The BERT model is a novel pre trained language model proposed by Google; BERT implemented bidirectional language and achieved better performance than other word vector models (Yangetal, 2020). By adding output layers and fine-tuning the pre trained BERT language model, multiple natural language processing (NLP) tasks can be completed, including classification, sequence labeling, etc. (Devlinetal, 2018). Therefore, this study uses Google's "Bert base machine" pre trained language model to implement word vector representation. 

4.3 Construction of Neural Network Classifiers
After completing the second step, input the word vector into the classifier. The core of word vectors is to represent text as low dimensional continuous dense vectors. Words with similar meanings will be mapped to similar positions in vector space. Therefore, some early studies directly applied the similarity between word vectors in constructing sentiment dictionaries. However, Hu et al. determined that word vectors can express semantic information of words, but semantic information cannot be equated with emotional tendencies of words. Therefore, this study uses a deep learning neural network classifier to determine the emotional polarity of words and generate an emergency domain sentiment dictionary.

Specifically, emotional words in the emergency field are the training corpus for deep learning neural network classifiers. Each word is marked as a positive or negative emotional word. As mentioned earlier, this study obtained word vectors for these emergency domain emotional words through Word2Vec and BERT, respectively. This study used a 10 fold cross validation strategy to divide the training and testing sets. The training set is used to train the classifier, and the test set is used to evaluate the effectiveness of the classifier. Then, this study uses a trained classifier to determine the emotional trend of the candidate sentiment word set. This study employed five neural network classifiers, namely:

4.3.1 DNN based classifier
The internal network structure of DNN includes input layer, hidden layer, and output layer. You can add layers to hidden layers. The information between layers is transmitted in a fully connected form from front to back. The value of the posterior neurons can also be determined by the weighted combination of all the neuron values in the previous layer, as follows:

Where l represents the number of network layers, w represents the weight of each connection, and p represents the offset value. In addition to the connection with the output layer, an activation function needs to be added σ。 This function can enable neural networks to have nonlinear mapping capabilities. Through repeated experiments, a fully connected neural network with four hidden layers was constructed. The network structure is shown in Figure 3.


Fig 3 Network structure of a DNN-based classifier
4.3.2 RNN based classifier
The RNN based neural network classifier model is a model that applies the RNN model to achieve classification tasks. It can process input data and convert it into feature representations, and then use fully connected layers or softmax layers to achieve classification. The network structure is shown in Figure 4.
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Fig 4 Network structure of neural network classifier based on RNN
During the training process, the RNN based neural network classifier model utilizes backpropagation algorithm and random gradient descent method to update the network parameters, thereby minimizing the loss function and improving the classification accuracy of the model. During the testing process, the model will use forward propagation algorithms to classify new data and output the final classification results. The neural network classifier model based on RNN has excellent performance in natural language processing, speech recognition, and other fields. It has the characteristics of processing long sequence data, dynamically changing inputs, and multi-level contextual information. Therefore, it is widely used in tasks such as image classification, text classification, sentiment analysis, and voice classification.

4.3.3 LSTM based classifier
LSTM is a deep learning model commonly used for processing sequence data, which relies on gating structures to control the transmission of information flow and capture long-term dependencies. This makes LSTM perform well in fields such as sequence prediction, speech recognition, and natural language processing. The network structure is shown in Figure 5.
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Figure 5  LSTM-based neural network classifier network structure
The memory unit in the LSTM model has three different gating structures: forgetting gate, input gate, and output gate. The forgetting gate is used to control the model to ignore the current and previous information, the input gate is used to control the input of the current information and whether the previous information needs to be stored in memory, and the output gate is used to control the output of information read from the memory unit. The introduction of these gating structures enables the LSTM model to better handle long sequence data and have excellent memory ability.
The classifier model based on LSTM usually consists of three main parts: input layer, LSTM layer, and output layer. The input layer takes sequence data as input, while the LSTM layer is responsible for capturing correlations in the input sequence. Each LSTM unit uses forgetting gates, input gates, and output gates for information exchange. The output layer maps the feature vectors processed by the LSTM layer to the category labels.

Before training, input data needs to be standardized and normalized. During the training process, the parameters of the LSTM layer are optimized and adjusted using a backpropagation algorithm to maximize the probability prediction of the output layer for class labels. During prediction, the new input sequence is fed into the trained LSTM model, and after feature extraction and classification, the corresponding category labels are output.

4.3.4 Bidirectional GRU-based classifier
Bidirectional GRU is an improved recurrent neural network that captures context relationships in sequence data by considering both past (from the beginning of the sequence to the current moment) and future (from the current moment to the end of the sequence). Compared with traditional unidirectional RNNs, bidirectional GRU has stronger characterization capabilities because it can capture both forward and reverse information in the sequence. The network structure is shown in Figure 6.


Figure 6  Network structure of neural network classifier based on bidirectional GRU
The structure of a bidirectional GRU consists of two directions of GRU units, one forward and one backward.

- Forward GRU: Receives the forward order of the input sequence, calculating the hidden state step by step from left to right.
- Reverse GRU: Receives the reverse order of the input sequence, calculating the hidden state step by step from right to left.
The hidden states in these two directions merge at each time step to form a comprehensive representation of forward and reverse information. This structure allows the model to better understand the context relationships in the sequence. The bidirectional GRU-based classifier is a powerful sequential data modeling tool, especially suitable for text classification and sentiment.

4.3.5 SVM-based classifiers
A neural network classifier model based on a support vector machine (SVM), commonly known as SVM neural network (SVMNN), is an efficient classifier model that combines SVM and neural networks. The model uses SVM's nonlinear feature mapping and optimal decision plane calculation, and uses neural networks to classify boundary areas in detail.
1. Feature extraction part: The first step of SVMNN is feature extraction. This part mainly uses the SVM algorithm to map the raw features of the input into a nonlinear high-dimensional feature space.
2. Neural network part: Neural network is the core part of SVMNN. It consists of multiple levels, each of which contains multiple neurons. The output of each neuron is a weighted sum of the inputs of other neurons, mapped nonlinearly by the activation function.
3. Support vector machine (SVM) part: SVM is another important component in SVMNN, providing optimal decision plane calculation.
4. Training process: SVMNN's training process is an iterative process that adjusts the weight of the neural network by back-propagation algorithm. At the same time, the optimal parameters are selected through cross-validation technology to improve the generalization ability of the model.
5. Prediction process: In the prediction stage, the test data needs to be mapped into a high-dimensional feature space and classified using the trained neural network and SVM classifier. In short, SVMNN is a very efficient classifier model, which can take advantage of the advantages of neural networks and SVMs at the same time, and reduce the computational cost while ensuring classification accuracy. It can be widely used in various classification problems, such as computer vision, natural language processing, bioinformatics and other fields.

5 Experiments and analysis of results
In order to verify the effectiveness of the method, this paper designs experiments to verify the following two hypotheses:

Hypothesis 1: In this paper, it is proposed that the method of using word vector training classifier to determine the emotional polarity of words is better than directly using the semantic similarity of word vectors to determine the emotional polarity of words.

In the field of sentiment analysis, most conventional machine learning methods, such as decision trees, support vector machines, etc., can build classifiers to determine the emotional polarity of words. Due to the particularity of natural language (insufficient direct features, which need to be converted into word vectors for analysis, and the number of features is the dimension of word vectors), the performance of support vector machines is better than that of other machine learning algorithms.

Hypothesis 2: In deep learning, the classifier trained by the neural network performs better than the classifier trained by the support vector machine (SVM) in the task of determining the polarity of word sentiment.

5.1 Experiment 1: Build a neural network classifier based on word vectors
The semantic knowledge base used by the experiment includes NTUSD; Li Jun Emotional Dictionary of Tsinghua University; Positive and negative emotional words in the HowNet Emotional Dictionary as well as DUTIR. The corpus is mainly obtained with the help of crawler programs written by Python to collect emergency news from the official websites of provinces and cities in China from 2020 to 2022, a total of 13623 articles, and each news is stored in the form of txt.
Data preprocessing (removing stop words, removing irrelevant symbols) and word segmentation (building custom dictionaries: using all stock names and tickers as one dictionary to prevent them from being split when segmenting). The intersection vocabulary of the fusion dictionary and the corpus was extracted as the training corpus, and the results are shown in Table 2. Finally, taking the corpus as the object, the Word2Vec method is used to generate a word vector model, in which the dimension of each word vector is 100.
Table 2 Table of cases in which words in the dictionary appear in the corpus
	The number of positive words that intersect
	The number of negative words that intersect
	total

	3128
	2850
	5978



Based on the prepared training corpus, the neural network classifier is constructed according to the experimental design scheme. After 6700 trainings, the accuracy of the training set was 95.02%, and the accuracy of the prediction set was 95.00%. Obviously, the model works well, and there is no overfitting and underfitting. Next, determine the seed word set. Since this article does not focus on the rules of seed word extraction, it will not be discussed in depth. Through information retrieval, referring to relevant papers and combining the corpus of this paper, 20 words that can represent the financial field were selected as seed word collections, as shown in Table 3.
Table 3 Collection of seed words in the financial sector
	A collection of seed words in the financial sector

	Big rise            hedge
	big fall         bottom
	Stock        rebound

	Liquidation      reduce holdings
	bull market          fatigue
	bear market       delisting

	go higher       withdrawal
	pull up        loss
	rise

	bullish
	bearish
	liquidate



The biggest feature of word vectors is that the semantic information is distributed in the form of vectors. The cosine between word vectors indicates the degree of correlation between words. Usually, the way to directly use word vectors to construct emotional dictionaries is: judge the emotional polarity of seed words, use word vectors to find out the set of words most similar to seed words, words similar to positive seed words are considered positive emotional words, and words similar to negative seed words are considered negative emotional words, so as to construct emotional dictionaries. This paper manually judges the emotional polarity of the seed words in the above seed word collection, and finds the words that are most similar to each seed word (the top 10 words with the highest similarity are taken). The study of financial corpus found that most of the emotional words in the financial field are adjectives or verbs, so part of speech filtering is added in the process of taking the most similar words, only adjectives and verbs are selected, and finally the positive and negative words are deduplicated separately to obtain an emotional dictionary (61 negative words and 41 positive words). The author believes that it is not accurate to judge the emotional polarity of words based only on the similarity of word vectors. Because word vectors only retain semantic information, and semantic information does not represent emotional information, words with opposite emotional polarity are more similar in semantic relations, such as "falling" obviously indicates negative emotions, but it also appears in the set of positive emotional words. Therefore, this paper proposes a new method of constructing emotional dictionaries using word vectors: on the basis of obtaining the seed word set, the word vectors can retain the characteristics of semantic information, obtain candidate emotional words (take the top 10 words with the highest similarity, and filter parts of speech), and then judge the emotional parts of speech of candidate words with the help of classifiers, and finally construct emotional dictionaries (93). A comparison of the performance of the two dictionaries is shown in Table 4.
Table 4 Performance table of sentiment dictionaries constructed by different methods
	index
	Directly utilize word vector similarity
	Build classifiers using word vectors

	acc
	0.532
	0.752

	Acc
	0.640
	0.890

	Rec
	0.510
	0.831

	F1
	0.542
	0.610



To evaluate the performance of the produced dictionary, 4 indicators are introduced in this article. Suppose the prediction is positive, and the actual number of positive words is TP; The number of words predicted to be negative, and actually negative words is TN; The number of words predicted to be positive and actually negative is FP; The number of words predicted to be negative, and the actual number of positive words is FN; The total number of words is M; Then accuracy = (TP+TN)/M; Precision = TP/(TP+FP); Recall = TP/(TP+FN); F1=2TP/ (2TP+FP+TN)。

According to Table 4, the method of directly using word vector similarity to construct an emotional dictionary is inferior to the method of using word vector training classifier and then constructing an emotional dictionary in terms of various indicators, so as to verify hypothesis 1.

5.2 Experiment 2: Compare the performance of different classifiers in the affective polarity judgment task
Before verifying the performance of different classifiers, the size of N may affect the performance of the classifier when considering the extraction of the most similar TopN candidate sentiment words. Therefore, the threshold values of N are set to 10, 20, 30, 40, respectively, and the resulting set of candidate emotional words is shown in Table 5.
Table 5 Table of candidate numbers
	The threshold value of N
	Number of candidate words filtered (unit: pcs)

	10
	93

	20
	150

	30
	197

	40
	252



For the same training data, a classifier is built using SVM. The accuracy of the training set of the classifier is 76.60%, and the accuracy of the prediction set is 75.08%, although there is no obvious overfitting and underfitting, but the accuracy is obviously inferior to the classifier constructed by the neural network. The neural network classifier and SVM classifier constructed in this paper are used to determine the emotional polarity of candidate words, and the emotional dictionary for the financial field is successfully constructed. The values of each indicator of the sentiment dictionary constructed by the neural network classifier and the SVM classifier are calculated separately under the above different thresholds, as shown in Figure 3.
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Figure 3 Evaluation metrics for sentiment dictionaries constructed 
by neural network classifiers and SVM classifiers under different thresholds

As can be seen from Figure 3, the accuracy of the neural network classifier decreases as the number of words fetched increases. Accuracy measures whether the selected candidate is an emotional word. When the threshold becomes larger, some words that are not so similar to the seed word are also extracted as candidate emotional words, which will lead to a decrease in accuracy, indicating that it is reasonable for accuracy to decrease with the increase of the threshold. However, the accuracy and recall did not change significantly with the change of the threshold, indicating that the neural network classifier constructed in this paper can better judge the emotional polarity of candidate emotional words. In addition, its F1 index is generally around 60%, which further shows that the emotional dictionary constructed in this paper has good performance. Comparing neural network classifiers and SVM classifiers, it is obvious that the neural network classifiers constructed in this paper are better than those constructed by SVMs, so as to verify hypothesis 2. In addition, from the perspective of dictionary content, the emotional dictionary for the financial field constructed in this paper can accurately identify the emotional polarity of emotional words specific to the financial field, such as positive words: overweight, high, dividend, positive, bull market, etc.; Negative words: diving, suspension, plummeting, drop stop, etc. In summary, the method of constructing an emotional dictionary for the field proposed in this paper is feasible and effective.

6 Conclusions and implications
Based on the deep learning method, this paper proposes a method for automatically constructing domain sentiment dictionaries. This method makes full use of the advantages of knowledge base and corpus, and proposes a weak indexing method to construct the training corpus. In addition, the word vector model and neural network model in deep learning theory are used to construct an emotional polarity classifier to determine the emotional polarity. Avoid directly using word vectors to judge the emotional polarity, and the classification inaccuracy caused by the high semantic correlation of words with different emotional polarities. Finally, candidate emotional words are obtained according to semantic similarity calculation, so as to generate domain sentiment dictionaries. Through empirical research, this paper proves the effectiveness of the proposed method from the data, and provides new ideas for the construction of emotional dictionaries. Future research work can further optimize the method, such as designing a neural network model with better classification effect, or designing a more reasonable candidate emotional word extraction method. In conclusion, the automatic construction of domain-oriented sentiment dictionaries proposed in this paper can provide a good foundation for subsequent sentiment analysis research, and has certain value and significance.

This paper provides some solutions to some of the current problems in the emotional dictionary, but there are still some problems that require further research by us, and future research work mainly includes:
Build an emotional dictionary based on certain specific topics; Due to the needs of practical application, people not only pay attention to the overall emotional tendency of one domain data, but also pay more attention to the emotional tendency under a characteristic theme in this field data and ignore the emotions of other topics, and the currently constructed emotional dictionary cannot give an efficient and accurate emotional dictionary under the constraints of specific themes.
Build an emotional dictionary based on word semantics; Because words have the characteristics of word polysemy, and the words in the current mainstream emotional dictionary are only determined by word form, which leads to words in the emotional dictionary showing wrong emotions in the context of word polysemy, because the semantics of words are different, emotions are also very likely to change.
cross-domain emotional dictionary transfer; At present, many mainstream emotional dictionaries can show good performance in some fields, but poor performance in other fields, such as the application effect of emotional dictionaries built on social data on movie review data will decrease a lot, at the same time, the difficulty of obtaining annotation data in different fields is also very different, how to migrate emotional dictionaries in one field to another field, this will be a very practical and important research value work.
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