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Abstract: For highly time-constrained very short-term investors, reading and extracting valuable 

information from financial news poses significant challenges. The wide range of topics covered in 

these news articles further compounds the difficulties for investors. The diverse content adds com-

plexity and uncertainty to the text, making it arduous for very short-term investors to swiftly and 

accurately extract valuable insights. Variations in authors, media sources, and cultural backgrounds 

also introduce additional complexities. Hence, performing a bull-bear semantic analysis of financial 

news using text mining technologies can alleviate the volume, time, and energy pressures on very 

short-term investors while enhancing the efficiency and accuracy of their investment decisions. This 

study proposes labeling bull-bear words from a futures corpus detection method that extracts val-

uable information from financial news, allowing investors to understand market trends quickly. 

Generative AI models are trained to provide real-time bull-bear advice, aiding investors in adapting 

to market changes and devising effective trading strategies. Experimental results show the effective-

ness of various models, with Random Forest and SVMs achieving an impressive 80% accuracy rate. 

MLP and Deep learning models also perform well. By leveraging these models, the study reduces 

the time spent reading financial articles, enabling faster decision-making and increasing the likeli-

hood of investment success. Future research can explore the application of this method in other 

domains and enhance model design for improved predictive capabilities and practicality. 
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1. Introduction 

Currently, the internet is flooded with fake news and futures transactions designed 

to mislead retail investors. These deceptive practices enable large investors to manipulate 

news or exploit public information, leading to widespread incorrect judgments among 

most investors. Generative AI has the potential to train models capable of analyzing and 

discerning news texts, automatically identifying the distinguishing features of fake news 

[1]. The model has the ability to learn patterns in the text, identify emotional biases, and 

recognize the distinguishing factors that separate fake news from genuine information. 

This knowledge can assist investors in discerning between real news and potential disin-

formation, enabling them to make more informed decisions [2]. Utilizing a model trained 

by generative AI, investors can gain valuable insights into the prediction and potential 

impact of news on bull-bear trends. This guidance empowers investors to make more ac-

curate investment decisions, resulting in improved outcomes [3]. Nevertheless, the label-

ing process involved in the pre-processing of these models is currently fraught with chal-

lenges [2]. The performance and accuracy of generative AI models are inherently tied to 

the quality and reliability of the training data. If the training data contains errors, biases, 

or inaccurate information, it can lead to misleading results generated by the models [4]. 

In the field of finance and economics, labels often adhere to general rules, but in more 

specific areas such as assessing index futures, the duality of bull and bear positions com-

plicates the labeling process. The overall direction of news may not be immediately 
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apparent, and it may require comprehensive analysis across multiple sources. Addition-

ally, there is currently a shortage of labels that capture the impact of news broadcasts that 

induce investor panic [5]. 

The primary focus of this research lies in addressing the challenges faced by current 

researchers, particularly in regards to the labeling of bull-bear news on semantic analysis 

for index futures. The ultimate goal is to establish a comprehensive futures corpus that 

can serve as an effective training resource for generative AI models. Hence, based on this 

literature review, we have identified two primary research questions in this field. Firstly, 

what are the essential input factors for training, i.e., what are the key features that machine 

learning relies on for accurate labeling? Secondly, does the process of labeling contribute 

positively to the detection of articles by generative AI, thereby enhancing the accuracy 

rate and facilitating the creation of a profitable training model? To address the aforemen-

tioned research questions, this study will commence by conducting a comprehensive lit-

erature review to ascertain if existing research methodologies have successfully answered 

these questions or if there are any limitations encountered by previous researchers. Sub-

sequently, this study will propose innovative research methods aimed at empirical inves-

tigation through a research model, with the objective of validating the proposed hypoth-

eses. Drawing from the empirical findings, the study will endeavor to provide explana-

tions, discuss potential discoveries, and ultimately draw conclusions. 

The remainder of this paper is organized as follows: The next section provides a re-

view of the related literature. Section 3 details research methods of labeling training model 

from futures corpus. Sections 4 and 5 present  experimental process, results, and discus-

sion. Finally, the last section summarizes our contributions and provides suggestions for 

future research. 

2. Literature Review 

There has been a notable emphasis on generative algorithms in recent research en-

deavors [6-9]. Nevertheless, in more specialized and niche fields, it is often necessary to 

provide a specific direction or concise summary of the text [10]. In the context of index 

futures, particularly in the case of relatively short-term texts, making instantaneous judg-

ments becomes challenging. This difficulty arises due to the limited availability of labeled 

articles in this specific field, resulting in insufficient or incorrect learning materials. When 

learning is based on inaccurate or inadequate sources, even achieving a high correct rate 

may lead to erroneous outcomes due to overfitting, which is not beneficial to the majority 

of investors. For example, Gurrib et al., in their study published in 2022 [11], concentrated 

on commodity futures and did not undertake a labeling process specifically for index fu-

tures. Similarly, Dai et al. in their study published in 2022 [12], and Wang et al. in their 

study published in 2020 [13], did not specifically address the labeling process for index 

futures. In these recent studies, addressing the first research question regarding the input 

factors for training and labeling, providing a comprehensive explanation, especially for 

index futures with short-term fluctuations, is challenging. Due to the dynamic nature of 

index futures and the varied influencing factors at play, it becomes difficult to identify a 

specific set of input factors that consistently apply across different scenarios. The unique-

ness and complexity of short-term fluctuations in index futures result in significant varia-

tions in the influencing factors [14, 15]. 

Indeed, prior to commencing training of a generative AI model, a substantial amount 

of preparatory work needs to be undertaken in the text domain. This includes tasks such 

as data collection, where text data is gathered to serve as training material for the model 

[15, 16]. Accurately stated. In order to collect the necessary text data for training, various 

methods can be employed, such as utilizing web crawlers or executing targeted database 

queries. Once the data is collected, the next crucial step is data cleaning and preprocessing. 

This involves removing special characters, punctuation marks, numbers, and other un-

necessary elements from the collected data. Additionally, handling missing or erroneous 

data is also part of the preprocessing phase to ensure the data is of high quality and 
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suitable for training the generative AI model [17]. Tokenization or sentence segmentation 

involves splitting text into sequences of words or sentences. This process can be achieved 

by utilizing simple methods such as whitespace or punctuation-based tokenization, or 

more sophisticated techniques using natural language processing for advanced tokeniza-

tion or sentence segmentation [18]. To create a vocabulary, one must build it based on the 

word segmentation results, encompassing all the words or phrases present in the training 

data. The vocabulary acts as a comprehensive collection of unique terms derived from the 

training data [18, 19]. Data encoding is a crucial step in converting text data into a numer-

ical representation that can be effectively processed by the model. Several common ap-

proaches are employed for this purpose, such as one-hot encoding, word embedding, or 

other vectorization techniques. These techniques enable the transformation of textual in-

formation into numerical values, facilitating the model's ability to work with the data [18].  

In order to train text data, it is necessary to build a suitable model and select an ap-

propriate architecture. There are several options to consider, such as recurrent neural net-

works (RNNs), convolutional neural networks (CNNs), or transformer models, among 

others. Each architecture offers unique advantages and is applicable in different scenarios. 

The choice of model architecture should be based on the specific characteristics of the text 

data and the objectives of the task at hand [20]. Once the selected model has been estab-

lished, the next step is to train it using the training data. This process involves feeding the 

data into the model for forward propagation, calculating a loss function to measure the 

model's performance, and utilizing the backpropagation algorithm to update the model's 

parameters. Additionally, parameter adjustment is essential, where model parameters are 

fine-tuned based on the training process results and their impact on performance.  

This adjustment may involve tweaking hyper parameters like learning rate and reg-

ularization to optimize the model's performance [21]. Determining whether the annota-

tion process is beneficial for article detection by generative AI, leading to improved accu-

racy and the development of a profitable training model, requires validation and testing. 

Trained models need to be evaluated using separate validation datasets to assess potential 

overfitting and overall performance. This process is complex and essential to answer the 

second research question. However, existing studies lack focus on index futures, particu-

larly in the context of extremely short-term bull-bear texts, which makes it challenging to 

generate a fully labeled training set specifically for this domain [22]. To address the need 

for a comprehensive semantic library or corpus for subsequent generative AI training, it 

is essential to either compile an existing semantic library or create a new corpus specifi-

cally tailored for the desired training objectives. This involves gathering relevant and di-

verse text data from reliable sources, ensuring the inclusion of various linguistic patterns 

and domain-specific knowledge. By curating a robust semantic library or creating a new 

corpus, researchers can provide valuable resources for training generative AI models ef-

fectively. 

3. Labeling Methods for Generative AI 

Based on the research methods and issues discussed in recent literature, this study 

employs text processing techniques aligned with generative AI to collect text data and 

perform various preprocessing steps for the domain of extremely short-term trading in 

index futures. The methodology involves creating and labeling a bull-bear training set, as 

depicted in Figure 1. Initially, a widely recognized and extensive financial website is uti-

lized as a web crawler to gather relevant articles. When employing deep learning for nat-

ural language processing, the articles are transformed, converting each word into a vector 

representation through techniques such as word embedding. 
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Figure 1. Bull and Bear Words Training Set. 

In Figure 1, pertained word vectors can be employed to convert words into vectors. 

One widely used approach is Word2Vec, which is a neural network-based language 

model that represents words as high-dimensional vectors. In the context of Chinese finan-

cial news, Word2Vec can be utilized to train word vectors by considering multiple words 

or even word sequences as a single unit. This approach, known as a word vector model 

using multiple words or word sequences as a unit, enhances the representation power of 

the word vectors and captures more contextual information. Chinese words are often 

structurally complex, comprising multiple characters or morphemes. Consequently, Chi-

nese text processing commonly involves word segmentation to divide the text into indi-

vidual words or phrases. In the Word2Vec model, the segmented words serve as training 

units to derive vector representations for each word. These word vectors effectively cap-

ture semantic information and express contextual relationships between words in Chi-

nese. Subsequently, the vector representations of all words are concatenated to create a 

matrix of dimensions (N, d), where N represents the number of words in the text and d 

represents the dimension of the word vector. This matrix can be perceived as a sequence 

of length N. Moving forward, the sequence is subjected to a 1D convolutional layer. The 

convolution operation is applied to the sequence, allowing flexibility in defining the size 

of each convolution kernel. 

The convolution operation treats neighboring words as local text segments, enabling 

the extraction of features from these segments. It can be visualized as a sliding window 

moving across the sequence, extracting features within the window at each step. Subse-

quently, a pooling layer is applied to reduce the extracted features from each convolution 

kernel to a single numerical value. Common pooling techniques, such as Max Pooling or 

Average Pooling, can be utilized for this purpose. This step aids in compressing the fea-

tures extracted by each convolution kernel, resulting in a reduction in the number of 

model parameters. Finally, all the compressed features are concatenated and passed 

through a fully connected layer for classification. In this specific case, a three-layer fully 

connected network can be employed for classification. The number of neurons in the first 

layer can be set to match the feature dimension outputted by the pooling layer, while the 

number of neurons in the second layer can be determined by the number of categories for 

text classification. The “Softmax” activation function is commonly used for classification 

tasks. In summary, the proposed deep learning text classification model utilizes 
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convolution operations to extract sequence features and employs pooling layers for fea-

ture compression. This allows the text to be represented as a fixed-dimensional vector 

suitable for subsequent classification tasks. The model design can be adapted for various 

text classification applications and can be further optimized by adjusting hyper parame-

ters such as the size, number, and pooling methods of the convolution kernels. Addition-

ally, part-of-speech tagging, specifically Chinese part-of-speech tagging, involves assign-

ing each word in a Chinese sentence its corresponding part of speech, such as noun, verb, 

adjective, etc. For unknown words, their part of speech can be inferred from the dictionary 

entry for that word. 

Through the analysis of sentence structure, word semantics, and linguistic rules, 

part-of-speech tagging can be performed by assigning each word its appropriate part of 

speech. In addition, TF-IDF (Term Frequency-Inverse Document Frequency) is a widely 

used text mining technique that can be applied to evaluate the importance of each word 

within the financial news corpus. It calculates the word frequency of each term within the 

document and then determines the inverse document frequency of each term using the 

IDF formula. By multiplying the TF and IDF values, the TF-IDF value of each word can be 

obtained. By calculating the TF-IDF values for both bull and bear words, the final classifi-

cation of the article as either bull or bear can be determined. This process involves collect-

ing a significant number of financial articles, annotating them accordingly, and assem-

bling them into a training set for the subsequent steps. 

The second step involves constructing a futures corpus, as depicted in Figure 2. Ini-

tially, financial articles need to be collected and compiled into a text dataset. These articles 

consist of news reports sourced from reputable financial websites. The relevance of these 

texts to bull and bear futures is verified through the reports provided by financial experts 

on the websites. Once the labeled training set is available, the entire text dataset is utilized 

as a corpus. Pre-processing techniques, such as synonym and antonym identification, are 

employed to establish the bull and bear terms. Additionally, various text exploration tech-

niques are applied to the generated training set, including tasks like word segmentation, 

word frequency statistics, and TF-IDF calculations to determine the weights of vocabu-

lary. Through processing and analysis of the corpus, more valuable text information can 

be obtained. 

 

Figure 2. The Futures Corpus. 

Once the corpus is established, a portion of the text can be chosen as a test set for 

model evaluation and validation purposes. Furthermore, the training set can be retained 

within the corpus to facilitate the retrieval of suitable training data for subsequent model 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 June 2023                   doi:10.20944/preprints202306.0323.v1

https://doi.org/10.20944/preprints202306.0323.v1


 

training. In summary, it is a common practice to first construct a training set and then 

build a corpus. This approach allows for a more targeted construction of the corpus, en-

hancing the efficiency and accuracy of text mining tasks. By ensuring a focused and rele-

vant training set, the subsequent corpus can be designed with greater precision, leading 

to improved outcomes in text analysis and mining processes. The third step involves mak-

ing real-time predictions on articles that can influence actual bull-bear trends, as illus-

trated in Figure 3. This part focuses on capturing relevant real-time financial news, input-

ting it into the trained training set, and retrieving the appropriate training data from the 

established corpus based on the article's type. Instant predictions can then be generated. 

Various algorithms can be employed for this purpose, with deep learning being a notable 

approach that can be considered. 

 

Figure 3. The Effect of Real-time Forecasting. 

In summary, the process of capturing and analyzing real-time financial news to make 

instant predictions on the bull-bear trends of futures involves several key steps. Firstly, 

relevant financial news needs to be captured from multiple sources using crawlers or sim-

ilar methods, followed by performing text analysis on the collected news. Secondly, a cor-

pus must be established to store classified futures bull-bear financial news, serving as a 

training data source for the prediction model. Thirdly, the model needs to be trained using 

techniques like deep learning, enabling it to automatically analyze news and predict their 

impact on actual trends, such as bull and bear futures. Real-time financial news is then 

input into the trained model to obtain predictions on the actual bull or bear positions and 

their influence on factors like futures prices. It is important to acknowledge the challenges 

and limitations involved in this process. The vast amount of news information requires 

quick and accurate analysis. Additionally, the factors influencing actual bull-bear trends, 

such as futures prices, are complex and require comprehensive consideration during cor-

relation analysis. Therefore, careful model design and training are necessary to address 

these challenges effectively. 

Before proposing the experimental process, a research model is constructed, as 

shown in Figure 4. The left side represents the pre-processing part of text mining. Various 

calculations, including PoS Tagging and TF-IDF, are performed to generate multiple 

empty words. These empty words serve as the training set, with some extracted from the 

corpus to save collection time. After feedback, the valid data is saved back to the corpus 

for subsequent extractions. To evaluate the effectiveness of the training models, the latest 

real-time articles from actual financial websites are obtained for prediction and judgment. 

These real-time data will be labeled to increase the effectiveness of the training set. The 

effectiveness of the model needs to be assessed through training and testing using various 

algorithms. To cover a wide range of possibilities, several popular algorithms such as Sup-

port Vector Machines (SVMs), Multi-Layer Perceptron (MLP), Random Forest, and Deep 

Learning will be used for efficiency verification. 
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Figure 4. The research model. 

4. Evaluation 

For the research study, we collected financial news articles from well-known websites 

such as Juheng.com (https://news.cnyes.com/news/id/5159323) and Business Times 

(https://ctee.com.tw/news/futures/852930.html) from January 2023 to May 2023. A total of 

50 news articles were collected during this period. These articles were subjected to text 

exploration and processing to extract relevant information. Based on the analysis, we es-

tablished a set of 100 bull and bear words (https://drive.google.com/file/d/19SqTt-

MMYiG4yjxPALbCTb9ECRYebu7SM/view?usp=sharing) that are significant for futures 

trading. Using the established corpus, we conducted article training to train the model. 

The training process involved utilizing various techniques such as word segmentation, 

part-of-speech tagging, and TF-IDF calculations to process the text data. By employing 

these methods, we aimed to enhance the accuracy and effectiveness of the training model. 

It is important to note that this research study focused specifically on the domain of fu-

tures financial news, and the collected articles were from a specific timeframe. This al-

lowed us to gather a targeted dataset and ensure its relevance to the research objectives. 

In machine learning, various metrics are used to evaluate the performance of a model. 

Some commonly used metrics include accuracy, precision, and recall, which provide in-

sights into different aspects of the model's performance. Accuracy is the proportion of 

correct predictions among all predictions made by the model. It measures the overall pre-

diction accuracy of the model. A higher accuracy indicates a stronger predictive ability of 

the model. Precision is the proportion of true positive predictions among all positive pre-

dictions made by the model. It measures the model's ability to correctly predict positive 

examples. A high precision indicates that the model is accurate in identifying positive ex-

amples. Recall is the proportion of true positive predictions among all actual positive ex-

amples in the dataset. It measures the model's ability to detect positive examples. A high 

recall indicates that the model can effectively capture positive examples. These metrics are 

important for evaluating the performance of a model, as they provide insights into its 

predictive accuracy, ability to identify positive examples, and ability to capture all rele-

vant positive examples. Depending on the specific objectives and requirements of the re-

search or application, different metrics may be given more importance. 
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To put it simply, the accuracy rate assesses the overall predictive capability of the 

model, while the precision rate and recall rate evaluate the model's predictive capability 

and detection ability for positive examples, respectively. Typically, there exists a trade-off 

between precision and recall, meaning that as we increase precision, recall tends to de-

crease, and vice versa. In practical applications, we select different metrics based on the 

specific problem at hand. For instance, in a medical diagnosis problem, our focus is on 

detecting actual patients, which emphasizes recall. On the other hand, in a credit card 

fraud problem, our priority is detecting fraud cases, placing greater importance on preci-

sion. When dealing with class imbalance, where there is a significant difference in the 

number of positive and negative examples, relying solely on accuracy may yield mislead-

ing outcomes. For instance, let's consider the prediction of tumor patients. If only 1% of 

the samples in the training set are actual tumor patients, a model that simply predicts all 

samples as non-tumor would still achieve 99% accuracy. However, such a model would 

not be useful in practice as it fails to detect any actual tumor cases. This highlights the 

limitation of relying solely on accuracy when dealing with imbalanced datasets. On the 

other hand, when dealing with balanced classes where the number of positive and nega-

tive examples is equal, using accuracy can be a better choice. For instance, when predicting 

the bull-bear trend of the stock market, where the probability of bull or bear is approxi-

mately 50:50, accuracy is a more suitable metric. It accurately reflects the model's perfor-

mance in predicting the correct bull-bear trend, taking into account both true positives 

and true negatives.  

The selection of an appropriate evaluation metric depends on the class balance of the 

dataset. When there is a balanced distribution of positive and negative examples, the ac-

curacy rate can better assess the model's performance. However, when there is a signifi-

cant class imbalance, relying solely on accuracy may yield misleading results. In such 

cases, alternative metrics like precision, recall, or F1 score should be considered. In the 

specific experiment, the Random Forest model achieved an accuracy rate of 80%, SVMs 

also achieved 80% accuracy, MLP achieved 76% accuracy, and Deep learning achieved 

66% accuracy (Table 1). These results provide an initial indication of the models' perfor-

mance, but further analysis and comparison of other metrics are necessary to make a com-

prehensive assessment. 

Table 1. The Accuracy of Algorithms. 

Algorithms Random Forest SVMs MLP Deep learning 

Accuracy 80% 80% 76% 66% 

5. Discussion 

The results suggest that Random Forest and SVMs have performed relatively well, 

while Deep learning has shown poorer performance. There are several potential reasons 

for this disparity. One possible cause is the small sample size of the dataset. When the 

dataset is small, models can easily overfitting, meaning they become too specialized in 

capturing the idiosyncrasies of the training data and fail to generalize well to unseen data. 

This can lead to significant differences in performance between different models. To ad-

dress this issue, one option is to increase the size of the training dataset. Collecting more 

data can help improve the model's ability to learn patterns and make more accurate pre-

dictions. Alternatively, techniques such as cross-validation can be employed to mitigate 

overfitting and assess the model's generalization performance more effectively. By ad-

dressing the small sample size issue and employing appropriate techniques for model 

evaluation, it is possible to obtain more reliable and meaningful results that accurately 

reflect the performance of different models. 

The quality of the data and the selection of relevant features can significantly impact 

the performance of a model. Poor data quality, such as missing values or incorrect labels, 

can lead to inaccurate predictions. Similarly, inadequate feature selection may include ir-

relevant or redundant features, hindering the model's ability to learn meaningful patterns. 
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To address these issues, it is crucial to carefully evaluate the data source and its quality. 

Cleaning the dataset by handling missing values, outliers, or inconsistencies can greatly 

improve the model's performance. Additionally, employing effective feature selection 

techniques, such as statistical analysis or domain knowledge, can help identify the most 

informative features for the prediction task. Moreover, the model's hyper parameters, 

such as the maximum depth of decision trees or regularization coefficients in SVMs, play 

a vital role in performance. Optimal hyper parameter selection is crucial for achieving the 

best results. Techniques like grid search or random search can be used to systematically 

explore different hyper parameter combinations and identify the ones that yield the high-

est performance based on evaluation metrics. By addressing data quality issues, refining 

feature selection, and fine-tuning the model's hyper parameters, the performance of the 

models can be enhanced, resulting in more accurate predictions. 

In summary, achieving optimal model performance requires careful consideration 

and adjustment of multiple factors. The quality and quantity of data, feature selection, 

hyper parameters, and inherent assumptions of the model all contribute to its perfor-

mance. By conducting thorough analysis and making appropriate adjustments to these 

factors, the model can be optimized to achieve the best possible performance. This itera-

tive process of evaluation and refinement is crucial in order to ensure accurate and reliable 

predictions. 

6. Conclusion 

Financial articles contain complex and diverse information, covering economic indi-

cators, policies, regulations, and company operations, among others. As this information 

is closely tied to market dynamics, investors need to efficiently acquire, analyze, and com-

prehend it to make informed investment choices. Particularly for short-term investors, 

who face the challenge of processing large volumes of data within tight timeframes, the 

ability to swiftly determine whether an article indicates a bull or bear position holds par-

amount importance for effective investment decision-making. 

The bull-bear futures text detection method proposed in this study has made signif-

icant contributions by enabling the extraction of valuable information from a vast corpus 

of financial articles, enabling investors to gain rapid insights into market trends. By train-

ing machine learning models, the study has achieved predictive capabilities, providing 

real-time bull-bear advice to investors and enabling them to promptly adapt to market 

changes and devise effective trading strategies. Experimental results demonstrated the 

effectiveness of various machine learning models, particularly Random Forest and SVMs, 

achieving an impressive accuracy rate of 80%. MLP and Deep learning models also show-

cased commendable performance. Through the utilization of these models, the study suc-

cessfully reduced the time investors spend reading extensive financial articles, enabling 

faster decision-making and increasing the likelihood of investment success. Future re-

search can expand the application of this approach to other domains and enhance model 

design to improve predictive capabilities and practicality. 
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