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[bookmark: _Toc133230099]Introduction
Text mining in the financial field has attracted high attention from both academia and industry in recent years. This is because text mining is an effective tool that can be used to analyze financial markets or economic phenomena. Financial texts, including annual reports, financial news, analyst reports, and related social media information, may contain information that is not explicitly included in digital financial data. The performance of Financial Distress Forecast （FDP）mainly depends on predictive factors, including financial and non-financial characteristics. In addition, in recent years, more and more researchers have emphasized the extraction and optimization of non-financial features. Machine learning based methods require sentiment dictionaries to annotate the features of the training corpus, in order to improve the performance of the classifier; The method based on emotion dictionaries mainly uses emotion dictionaries to directly analyze the text's emotions. However, the existing emotion dictionaries, such as the emotion dictionary of Taiwan, China University of China and HowNet emotion dictionary, are all universal emotion dictionaries, which can not accurately judge the emotional polarity of some words unique to the financial field in the emotion analysis task in the financial field, thus affecting the accuracy of emotion analysis. Therefore, it is extremely important to build an emotion dictionary for the financial field to improve the performance of emotion analysis. At the same time, with the rapid development of deep learning, the introduction of word vector models provides an opportunity for related research.
[bookmark: _Toc133230100]Literature Review
Currently, a large number of researchers are attempting to conduct emotional analysis on financial texts and use it to analyze investor decisions, thereby predicting stock market volatility. Smailović [1] proposed that the change in the probability of positive emotions in financial texts can serve as an indicator of stock closing prices. By conducting sentiment analysis on Twitter's financial texts and using Granger causality analysis to validate the hypothesis, it further demonstrates that using sentiment analysis on financial texts to predict stock market fluctuations is meaningful. Li et al. [2] started from the emotional perspective of news and applied existing sentiment dictionaries and sentiment analysis frameworks to map news into the emotional space, analyzing its impact on stock prices. Nguyen et al. [3] conducted emotional analysis on social media information and predicted stock prices. Wu et al. [4] explored the relationship between comment sentiment and stock price volatility trends based on machine learning and dictionary based methods, respectively. The sentiment dictionary used was HowNet.

The above research indicates that emotional analysis in the financial field has certain value and significance. By conducting emotional analysis on financial texts to predict stock market trends, it can provide reference for investors' decision-making and help maintain the stability of the stock market. As the foundation of sentiment analysis research, sentiment dictionaries are essential, and constructing a domain applicable sentiment dictionary can greatly improve the performance of sentiment analysis. According to Wang et al. [5]'s research on the construction methods of emotion dictionaries, there are currently two main types of methods for constructing dictionaries.

Semantic knowledge base contains the collection of human semantic knowledge about words, such as WordNet and so on. General emotion dictionaries (such as HowNet) are also a semantic knowledge base. A complete semantic knowledge base can construct an emotional dictionary by mining the relationship between words (such as synonyms, antonyms, etc.). Hu et al. [6] manually constructed a small set of positive and negative emotional words (adjectives) as seed sets, expanded the set of emotional words according to synonyms and antonyms in WordNet, and finally got a certain scale emotion dictionary. Strapparava et al. [7] added some nouns, verbs and adverbs to the seed set on the basis of adjectives, and proposed WordNet-Affect to build a more comprehensive emotion dictionary. Kamps et al. [8] believed that the more similar the meaning of two words, the less the number of iterations through synonyms, so they judged the emotional polarity of candidate words with the help of WordNet. Hassan et al. [9] construct the inter-word relationship graph according to WordNet, and determine the emotional polarity of the candidate words by the number of times they move to words with different known emotions. Liu position Equality [10] selects some common emotion words from the HowNet emotion dictionary, constructs the basic emotion set, and uses "the semantic similarity method of knowledge net" to construct the emotion dictionary. In addition, finding the relationship between words and words in interpretation can also provide help for the construction of emotion dictionary. Andreevskaia et al. [11] use the emotional tag extraction program (STEP) to extract emotional words from WordNet to expand the seed word set, traverse all interpretations, filter and disambiguate the words containing seed words, and add them to the emotion dictionary. Esuli et al. [12] assume that the interpretation of synonyms contains words with the same polarity, and use the PageRank method to determine the emotional polarity of words. To sum up, a complete semantic knowledge base can quickly build a universal emotion dictionary, and this method is more practical when the accuracy of the dictionary is not high. Due to the deficiency of Chinese semantic knowledge base and domain limitations, this method does not perform well in the construction of financial domain-oriented emotion dictionary.

A corpus is a collection of language materials that have really appeared in practical use. There are many methods of constructing emotion dictionary based on corpus, among which the most classical method is to use conjunctions in sentences to judge the emotional polarity of words before and after. Kanayama et al. [13] determine the initial emotional word set and the required corpus, formulate conjunction constraints, set thresholds, and use unsupervised methods to automatically generate emotion dictionaries. Xia et al. [14] consider using conjunctions to determine the emotional polarity of adjectives, and using Bayesian models to deal with polar disambiguation tasks in a probabilistic manner. Yin Chunxia et al. [15] use the contextual information between words in free comments to model an emotional tendency network relationship and judge the emotional tendency of words. In addition, some researchers also propose to use the word co-occurrence method to construct an emotional dictionary, that is, there is a certain correlation between the two words that often appear together, and judge the emotional polarity according to this. Among them, the method of measuring the correlation between two words by point-by-point mutual information (PMI) is widely used. Turney [16] proposes a PMI-IR algorithm to measure the similarity between words by using point-by-point mutual information and information retrieval, and then Turney [17] judges the emotional polarity of candidate words by calculating the difference of PMI of different seed words of candidate words. Based on the idea of Turney, Wawer [18] focuses on the method of generating seed sets, and uses the generated seed sets to determine the emotional polarity of candidate words. Krestel et al. [19] use LDA to extract emotional words, and combined with PMI to determine emotional polarity. Zhong Minjuan [20] proposed the extraction and recognition of emotional words based on association rule mining, and combined with PageRank model and PMI semantic filtering, introduced the mixed correlation between words, studied the original emotional tendency of words, and effectively constructed an emotion dictionary. Compared with the semantic knowledge base, corpus has the advantages of easy access and sufficient quantity, and the constructed dictionary performs well in the field to which the corpus belongs, but the cost of construction is high, and the corpus needs to be preprocessed. In addition, the accuracy of the constructed dictionary is relatively low.

To sum up, the author finds that the dictionary based on knowledge base or corpus has its own advantages and disadvantages: the dictionary based on knowledge base is universal and accurate, but the domain applicability is poor; based on corpus can use large-scale corpus to build emotional dictionaries, but the cost is high and the accuracy is low. In recent years, with the rapid development of neural networks and deep learning, word vector (WordEmbedding) has become a hot spot in the field of natural language processing, of which Word2Vec is the most famous. Word2Vec is an efficient open source tool for representing words as real-valued vectors released by Google in 2013. using the idea of deep learning, combined with language model, and through unsupervised training, the processing of text content is simplified to vector operations in k-dimensional vector space, and the similarity in vector space can be used to express the semantic relevance of text. There are two kinds of models used to construct word vectors in Word2Vec, one is CBOW model (ContinuousBag-of-WordsModel), the other is Skip-Gram model (ContinuousSkip-GramModel). The principle of the CBOW model is to predict the middle words by the surrounding words, while the Skip-Gram model is to predict the surrounding words by the middle words. Therefore, CBOW model is more suitable for small data sets and can smooth a lot of distributed information, while Skip-Gram model is more suitable for large-scale data sets.

Therefore, this paper combines the advantages of knowledge base and corpus, and converts words into word vectors with the help of deep learning method, and uses neural network to construct emotional polarity classifier to judge the emotional polarity of words, so as to avoid the occurrence of inaccurate classification. Finally, a method of automatically constructing financial field-oriented emotion dictionary is proposed.
[bookmark: _Toc133230101]Methodology
The domain dictionary construction process designed in this article is shown in Figure 1, which is mainly divided into three parts.

0. Data preprocessing
The data preprocessing stage includes the processing of the semantic knowledge base and the processing of the corpus. The processing of semantic knowledge bases mainly refers to the fusion of existing universal sentiment dictionaries. The general dictionaries collected in this article include: Taiwan University Emotional Dictionary (NTUSD); Li Jun Emotional Dictionary of Tsinghua University; Positive and negative emotional words in the HowNet sentiment dictionary of CNKI; Dalian University of Technology Emotional Vocabulary Ontology (DUTIR). Firstly, extract the positive and negative word sets from the aforementioned dictionaries respectively, remove duplicate words, and perform fusion. If a certain word appears in multiple dictionaries at the same time but the marked emotional polarity is different, the polarity of the word is manually judged. During the experiment, no inconsistent words were found in the part of speech labeling, and the fusion results are shown in Table 1.
[image: ]
Fig. 1. approach of generating sentiment lexicon

Table 1 Words collection of general sentiment lexicons
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The processing of a corpus mainly refers to preprocessing the corpus, including data cleaning, removing incomplete and duplicate data from the corpus, ensuring that the corpus belongs to the same field; Segmenting the corpus and removing stop words and special symbols lays the foundation for the following experiments. The method of neural network training classifier belongs to supervised learning and needs labeled corpus for training. This article proposes a weak indexing method to automatically construct the training corpus required for the classifier. Based on the existing domain specific corpus and the fused universal sentiment dictionary, obtain the intersection of the two as the training corpus. In a specific field, although not all universal emotional words will appear, there must be universal emotional words in the specific field, and this part of emotional words are words whose emotional polarity has been determined in the semantic knowledge base. Therefore, they can be used as the training corpus for the neural network classifier in this article. The emotion classifier trained with this training corpus can determine the emotional polarity of emotion words, mainly for domain emotion words with unknown emotional polarity, so that these words can be added to the emotion dictionary in the end.

Construction of Word Vector Model
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.

The Construction of Neural Network Classifiers
This article uses neural networks to construct a binary classifier for word emotions (to determine whether word emotions are positive or negative). The training corpus is known to be emotional words, corresponding to the polarity of emotional words, where each emotional word is converted into a 100 dimensional word vector through Word2Vec. Due to the fact that the training corpus in this article is word vectors corresponding to words and not sequence data, there is no need to use RNN (Recurrent Neural Network); In addition, the dimension of the word vector is 100 dimensions, so using CNN (Convolutional Neural Network) for further feature extraction does not make much sense. Moreover, the emotional polarity judgment of words belongs to the classification problem. Therefore, this article uses a fully connected neural network to construct a classifier, and the network structure is shown in Figure 2.
[image: ]
[bookmark: _Hlk133228901]Figure 2 Network structure of neural network classifier

After multiple experiments, a 4-layer fully connected neural network was finally determined. The numbers at the bottom of Figure 2 represent the number of neuron nodes in each layer, for example, the number of nodes in L1 layer is 64; The text between layers represents the activation function used. The activation function has two main functions: adding nonlinear factors to solve nonlinear problems; Features that can be used to combine training data. The most commonly used activation function is the linear rectification function (ReLU), also known as the modified linear unit. For the binary classification problem, the normalized exponential function (Softmax) is usually used as the activation function at the output level. The loss function is used to estimate the degree of inconsistency between the predicted value and the true value of the model. The smaller the loss function, the better the robustness of the model. For binary classification problems, the loss function usually uses cross entropy. The function of the optimization function is to use backpropagation to optimize parameters and reduce losses. The currently most effective optimization function is Adam, whose main advantage is that after bias correction, the learning rate of each iteration has a certain range, making parameter changes more stable. The learning rate represents the variation of parameters. If the learning rate is low, the training will become more reliable, but optimization will take a longer time; The learning rate is high, and training may not converge or even diverge, so the learning rate is generally set to 0.01. Therefore, ReLU is selected for the activation function of the first several layers of the neural network constructed in this paper, Softmax is selected for the activation function of the output layer, cross entropy is selected for the loss function, Adam is selected for the optimization function, and the learning rate is set to 0.01. Finally, the training corpus is divided into training sets and prediction sets according to the ratio of 9:1, where the training set is used to train the model, and the prediction set is used to judge the effect of the model.

Construction of a Domain Emotion Dictionary
(1) Determine the set of seed words. Develop corresponding selection criteria based on the characteristics of the selected field, extract words from the corpus as seed words, and add them to the seed word set;

(2) Determine the set of candidate emotional words. Firstly, convert the seed words into corresponding word vectors, and use the similarity calculation formula (cosine calculation formula of the vector) to obtain the n words that are most similar to each seed word as candidate sentiment word sets;

(3) Use the trained sentiment classifier to determine the emotional polarity of each candidate word. Finally, integrate the candidate words with emotional polarity output from the above classifier and add them to the sentiment dictionary for specific domains.

[bookmark: _Toc133230102]Experiment and expected results
In order to verify the effectiveness of this method, this article designs experiments to verify the following two assumptions:
Assumption 1: This article proposes a method of using word vectors to train classifiers to determine the emotional polarity of words, which 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 construct classifiers to determine the emotional polarity of words. Due to the particularity of natural language (insufficient direct features that need to be converted into word vectors for analysis, with the number of features being the dimension of the word vector), support vector machines perform better than other machine learning algorithms.

Assumption 2: In deep learning, the classifier trained by neural networks performs better than the classifier trained by support vector machines (SVM) in determining the emotional polarity of words.

Construct a classifier using SVM for the same training data. The training set precision of the classifier is 76.60%, and the prediction set precision is 75.08%. Although there is no obvious overfitting or under fitting, the precision is obviously inferior to that of the classifier constructed by neural network.

Using the neural network classifier and SVM classifier constructed in this article to determine the emotional polarity of candidate words, a sentiment dictionary for the financial field was successfully constructed. Calculate the values of each indicator of the sentiment dictionary constructed by the neural network classifier and SVM classifier under different threshold conditions, 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
From Figure 3, it can be seen that the accuracy of the neural network classifier decreases as the number of word takers increases. Accuracy can measure whether the selected candidate word is an emotional word. When the threshold increases, some words that are not so similar to the seed words are also selected 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 rates did not significantly change with the change of threshold, indicating that the neural network classifier constructed in this paper can effectively determine the emotional polarity of candidate emotion words. In addition, its F1 index is generally around 60%, further indicating that the sentiment dictionary constructed in this article has good performance. Comparing the neural network classifier with the SVM classifier, it is evident that the various indicators of the neural network classifier constructed in this article are better than those of the SVM classifier, thus verifying hypothesis 2.

In addition, from the perspective of dictionary content, the sentiment dictionary constructed in this article for the financial field can accurately identify the emotional polarity of unique sentiment words in the financial field, such as positive words: overweight, high rise, dividend, positive, bull market, etc; Negative words: diving, trading suspension, plummeting, falling below the limit, etc. In summary, the method proposed in this article for constructing domain oriented sentiment dictionaries is feasible and effective.

[bookmark: _Toc133230103]Evaluation and Conclusion
This article proposes a method for automatically constructing a Chinese Financial Domain Specific Emotion Dictionary (CFDSL) based on deep learning methods. Fully utilizing the advantages and disadvantages of corpus and knowledge base, a weak indexing method was constructed to train corpus. In addition, word vector models and neural network models from deep learning theory are used to construct sentiment polarity classifiers to determine sentiment polarity. This can avoid the problem of inaccurate classification caused by directly using word vectors to determine the high semantic correlation of words with different polarity in emotional polarity. And this article also proves the effectiveness of this method from data through a series of empirical studies, providing new ideas for the construction of emotion dictionaries. In future research, we should further optimize this method, such as designing better classification neural network models or designing more reasonable candidate sentiment word extraction methods. In summary, the method of automatically constructing domain oriented sentiment dictionaries proposed in this article can provide a good foundation for subsequent sentiment analysis research, and has certain value and significance. This study applies DT, SVM, Xgboost, and DNN to implement FDP, with an interpretable DT model. Future research can also attempt to combine DT with neural network models to maintain interpretability and achieve better predictive performance.
In addition, this study only applied a simple 9:1 fold cross validation strategy to partition the training and testing sets to reduce the negative impact of training set variability. When combining emotional characteristics with traditional financial factors, future research can also apply nested cross validation strategies to fine-tune and evaluate models to improve the performance of FDP.
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