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ABSTRACT 

  

With the rapid development of the Chinese economy and the deepening of 

supply side structural reform, listed companies are facing increasingly fierce market 

competition and financial uncertainty. In this context, companies need to complete 

transformation and upgrading through technological innovation and intelligent 

management, accurately predict and respond to financial risks, in order to achieve 

sustainable and healthy development. This article takes the quarterly financial 

indicator data of Chinese listed companies from 2017 to 2024 as the research object. 

Window sliding and SMOTE techniques are used to handle sample imbalance and 

generate new samples. PCA and random forest methods are respectively used for 

feature extraction. In terms of model construction, this article combines traditional 

machine learning and deep learning techniques, covering traditional machine learning 

models (logistic regression, support vector machine, decision tree, BP neural network) 

and their ensemble models (random forest, XGBoost, Stacking model), deep learning 

models (CNN, BiLSTM, attention mechanism) and their ensemble models (CNN 

BiLSTM, CNN-AT, BiLSTM-AT, CNN-BiLSTM-AT). In addition, this article 

explores the optimization of hyperparameters for deep learning models using the 

Hyperband algorithm, as well as the optimization of activation functions for each 

layer. 

The research results indicate that financial characteristics such as fixed 

asset ratio, working capital, and current ratio have a significant impact on financial 

risk prediction. Compared with the traditional machine learning model, the deep 

learning model has significant advantages in performance, while the integrated 

learning model outperforms the single model, and the introduction of attention 

mechanism further improves the performance of the model. Especially under the 

condition of a time step of 8, the CNN-BiLSTM-AT ensemble deep learning model 

achieved the highest accuracy (99.4%). By optimizing the activation function of the 

CNN-BiLSTM-AT model (custom ReLU_Tanh), the model's performance on the 
ROC curve is closer to the upper left corner, demonstrating a better balance of 

sensitivity and specificity. In addition, this article selected data from two listed 

companies for 100 repeated experiments to further verify the stability and 

effectiveness of the model in practical applications. The experimental results show 
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that integrated deep learning models can more effectively capture complex temporal 

and spatial dependencies in financial data, providing a robust and effective solution 

for predicting financial risks in the dynamic market environment of China. 

 

Keyword : Risk warning model, Machine learning, Deep learning, Hyperband 

algorithm, Optimization of activation function 
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Chapter 1 

Introduction 

This chapter introduces research background, research objectives and 

Significance, research ideas and methods, research content, and innovation points. 

1.1 Research Background 

Since the reform and opening up, China has transitioned from a planned 

economy to a market economy, and its economy has developed rapidly. With the 

continuous deepening of supply side structural reform, China's economy has begun to 

transition from a high-speed growth stage to a high-quality development stage. As the 

main part of the Chinese market, listed companies are facing more market 

competition and regulation due to the accelerated transformation and upgrading speed 

of listed companies in various industries led by the digital economy in the context of 

market economy transformation and global opening of financial markets. The 

outbreak of the epidemic in early 2020 has also led to an increase in the uncertainty of 

their financial situation, which has increased the company's default risk The difficulty 

of managing risks such as financial and operational risks. 

In 1990, the Shanghai Stock Exchange and Shenzhen Stock Exchange were 

established and completed their first trading, and in 2021, the Beijing Stock Exchange 

was established, forming a basic pattern of three pillars in mainland China. As of 

December 2023, there were a total of 5335 listed companies in the Chinese A-share 

market, with a total market value of approximately 83.73 trillion yuan, a decrease of 

approximately 1.16 trillion yuan from the end of 2022. This decline in market value is 

largely due to issues such as macroeconomic uncertainty, financial market 

fluctuations, monetary policy adjustments, and insufficient investor confidence. The 

Chinese securities market started relatively late compared to European and American 

countries, and the regulatory system is still in the development stage, which to some 

extent affects the healthy development of the market. On the one hand, the company's 

operating performance, profit and loss situation, and debt situation have not received 

high attention from the company's management. On the other hand, the company may 

face problems such as blind expansion, opaque financial information, and inadequate 

internal control, or may fall into insufficient information disclosure in risk behaviors 



 

 

 
 2 

such as financial fraud, these factors may lead to financial instability and ultimately 

evolve into financial crises. Generally speaking, the financial crisis of a listed 

company is not sudden, but a dynamic and continuous process. Firstly, it will go 

through a normal financial situation, problems will appear, and then gradually 

deteriorate. When it develops to a continuous and irreversible state, it will lead to the 

listed company falling into financial difficulties. Therefore, in order to avoid the 

above-mentioned problems, it is particularly important for the company's 

management, financial institutions, and relevant investors to detect potential crisis 

signals early and take corresponding preventive measures. 

It is crucial to strengthen the construction of the financial risk warning system 

for listed companies, which can effectively prevent potential financial risks and 

improve the overall industry environment. Having a comprehensive understanding of 

the financial situation of listed companies and anticipating potential financial risks in 

advance is crucial for their healthy development during the transformation and 

upgrading process. By exploring and optimizing financial early warning models, 

creating high-precision models suitable for listed companies, providing more accurate 

risk assessments for listed companies, and promoting more stable and sustainable 

development of the capital market. 

1.2 Research Objectives and Significance 

1.2.1 Research Objectives 

Based on the research of domestic and foreign scholars on financial crisis theory, 

this article aims to select a suitable financial risk warning model for Chinese listed 

companies through indicator selection and model comparison. 

(1) To Determine Critical Indicators Influencing Financial Risk 

To systematically identify and analyze the comprehensive system of relevant 

indicators that significantly impact a company's financial risk. This objective will 

involve an in-depth exploration of existing literature and empirical data to pinpoint 

the most critical factors affecting a company's financial stability. 

(2) To Establish and Compare Financial Risk Early Warning Models Based on 

Machine Learning 

To develop and critically compare various financial risk early warning models 

utilizing machine learning techniques. The aim is to discern the most effective and 
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accurate models capable of predicting a company's financial risk at an early stage. 

This objective encompasses a comparative analysis to evaluate the strengths and 

weaknesses of different machine learning models in predicting financial risks. 

(3) To Create New Approach by Development of an Enhanced Combination 

Prediction Model 

To conceptualize and establish a novel approach through the creation of a 

combination prediction model that integrates the strengths of the methods identified in 

objective 2. This objective aims to augment the predictive power and accuracy by 

leveraging the synergies of combined models, and subsequently compare its efficacy 

with single prediction models to determine the optimal solution for early financial risk 

detection. 

1.2.2 Research significance 

(1) Theoretical significance 

To improve and enrich the selection methods of financial risk warning indicators 

for companies, this article will use traditional principal component analysis and 

feature selection methods in machine learning to analyze and compare their 

advantages and disadvantages in improving model performance and explaining 

feature relationships. Through comparative research, the selection method of financial 

risk warning indicators for companies can be expanded and improved, providing 

strong support for more accurate warning of financial risks. 

To improve and enrich the construction methods of the company's financial risk 

warning model, this article will use traditional machine learning models, deep 

learning models, and ensemble learning models to analyze and compare their 

advantages and disadvantages in improving model performance, reducing overfitting 

risks, and adapting to different data distributions. Through in-depth research on the 

application of these two methods, it is expected to provide theoretical support for the 

design and improvement of financial risk warning systems. 

(2) Realistic significance 

The significance for the company and management: It helps to enhance the 

sensitivity and comprehensiveness of the company's financial situation. The 

management of the company is able to obtain key financial information more timely 

and accurately, thereby formulating effective risk management strategies, reducing the 
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adverse impact of potential risks on the business, improving their own risk 

management level, and promoting the high-quality and stable long-term development 

of the company. 

The significance for investors: It helps investors to more accurately evaluate the 

financial condition and risk level of the company, estimate the potential value of the 

company, avoid the impact of information asymmetry, formulate investment strategies 

more rationally, improve the accuracy and reliability of investment decisions, reduce 

investment risks, improve long-term returns on investments, and protect the rights and 

interests of investors. 

The significance for creditors: It helps creditors to comprehensively evaluate the 

company's repayment ability and debt risk, in order to formulate scientific and 

reasonable debt management strategies and credit decisions, reduce the potential risk 

of debt default, improve the monitoring level of creditors on the company's financial 

situation, and protect the legitimate rights and interests of creditors themselves. 

The significance for regulatory authorities: Through financial risk warning, 

regulatory agencies can enhance their accurate monitoring ability of the financial 

status of listed companies, timely warn potential risks, identify market risks and 

abnormal fluctuations, reduce market uncertainty, provide scientific basis for 

regulatory policy formulation, and promote the development of the entire market 

towards a healthier and more transparent direction. 

1.3 Research ideas and methods 

This research has certain theoretical and practical significance in the field of 

financial risk warning research. 

1.3.1 Research ideas 

This article focuses on A-share listed companies in China’s Shanghai and 

Shenzhen stock exchanges. Starting from both macro and micro perspectives, as well 

as financial and non-financial factors, a comprehensive financial risk early-warning 

indicator system is constructed. Python software is utilized for data processing, 

combined with principal component analysis and feature selection methods to achieve 

dimensionality reduction. Traditional machine learning models (logistic regression, 

SVM, decision tree, BP neural network), ensemble learning models (including 

Bagging algorithm (random forest), Boosting algorithm (XGBoost), and Stacking 
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algorithm), deep learning models (convolutional neural network, bidirectional long 

short-term memory network, attention mechanism), and ensemble deep learning 

models are employed to compare and analyze the financial risk prediction 

performance of each model across different time periods. 

Based on these analyses, this study proposes a CNN-BiLSTM-AT financial risk 

early-warning model optimized with an activation function algorithm and validates its 

performance. Finally, the research findings are summarized, specific 

recommendations are provided, and limitations are identified to guide future 

improvements. 

1.3.2 Research methods 

(1) Literature research method 

By conducting in-depth research and analysis of relevant literature and 

professional books at home and abroad, systematically reviewing the research 

progress of financial risk warning indicator systems and financial warning models, 

summarizing the advantages and disadvantages of various machine learning 

technologies, and providing sufficient theoretical support for the research in this 

article. 

(2) Application of Machine Learning Algorithms 

By integrating traditional machine learning models (logistic regression, decision 

tree, support vector machine, BP neural network), deep learning models 

(convolutional neural network, bidirectional long short-term memory network, 

attention mechanism), and ensemble learning models (random forest, XGBoost, 

Stacking) with corporate financial risk early warning, and incorporating principal 

component analysis and feature variable input techniques, the predictive performance 

and efficiency of the models have been significantly enhanced, improving their 

practicality and reliability in financial risk management. 

1.4 Research Content  

This research is divided into 5 chapters, including introduction, literature 

Review, methodology, results, and conclusion and discussion. 

Chapter 1 is introduction. This chapter mainly introduces the research 

background, research objectives and significance, research ideas and methods, 

research content, and innovative points of this article. 
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Chapter 2 is literature review. This chapter systematically explains the concept 

and definition of financial risk, analyzes the research status of financial risk early 

warning for listed companies, and explores the development of machine learning-

based early warning models, providing theoretical support for the targeted selection of 

financial risk early warning indicators and models in the future. Additionally, it 

provides detailed explanations, through formula derivations and theoretical 

descriptions, principal component analysis (PCA) for dimensionality reduction, 

random forest feature selection techniques, traditional machine learning models 

(logistic regression, decision tree, support vector machine, BP neural network), deep 

learning models (convolutional neural network, bidirectional long short-term memory 

network, attention mechanism), ensemble learning models (random forest, XGBoost, 

and stacking), and the principles and applications of activation functions. 

Furthermore, it offers an in-depth discussion of the confusion matrix and key 

evaluation metrics for binary classification tasks, laying a solid theoretical foundation 

for constructing and optimizing financial risk early warning models. 

Chapter 3 is methodology. This chapter mainly introduces research scope, Then, 

laying a theoretical foundation and step of methodology for the empirical analysis in 

the following text. Finally, draw a work flow chart and provide an example. 

Chapter 4 is results. In this chapter, principal component analysis (PCA) and 

feature selection methods are applied to reduce the dimensionality of financial risk 

early warning indicators, constructing an efficient early warning indicator system. 

Grid search is employed to fine-tune hyperparameters and optimize the parameter 

combinations of individual financial early warning models, with the prediction results 

on the test set comprehensively evaluated using relevant metrics. Building on this, 

various ensemble learning models are constructed to perform vertical comparisons of 

single models across different time periods and horizontal comparisons between 

different models. Based on the evaluation metrics, the model with the best predictive 

performance is selected. Finally, further optimization of the activation function is 

conducted on the optimal predictive model to enhance its forecasting performance. 

Chapter 5 is conclusion and discussion. Summarize the applicability of various 

machine learning models and deep learning models in financial risk warning for listed 
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companies, and finally propose suggestions for optimizing future financial risk 

warning models. 

1.5 Innovation points 

This research has certain innovations in indicator selection, model comparison, 

and construction. 

(1) Indicator Selection: This research employs principal component analysis 

(PCA) and feature selection(Random forest) methods based on random forest to filter 

and compare financial risk early warning indicators. Several key indicators with 

significant impact are identified and evaluated for their ability to predict financial 

crises. This approach is innovative and provides a more diverse solution for selecting 

financial crisis warning indicators for listed companies. 

(2) Model Construction and Comparison: This research not only conducts a 

horizontal comparison of traditional machine learning, deep learning, and ensemble 

learning algorithm models but also performs a vertical comparison of the warning 

effectiveness of the same model across different time periods. Additionally, multiple 

deep learning algorithms are integrated to construct an improved ensemble model, 

enhancing prediction accuracy and demonstrating innovation in model research. 

(3) Create New Approach: This research customizes and optimizes activation 

functions to improve the learning efficiency and predictive capability of the model. 

By designing a novel activation function tailored to financial risk early warning, the 

research further enhances model performance and robustness, adding another layer of 

innovation to the proposed approach. 
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Chapter2 

Literature Review 

This chapter studies and analyzes the literature in the field of financial risk 

warning from four aspects: definition of financial risk concepts, determination of 

financial risk warning indicators, establishment of financial risk warning models, and 

statistical method theory. 

2.1 Definition of Financial Risk Concept 

Fitzpatrick (1932) first identified bankruptcy as a sign of a company falling into 

financial crisis; Altman (1968) also believed that if a company enters legal bankruptcy 

proceedings, it can be judged as a financially distressed company, and Ohlson (1980) 

also used bankruptcy as a crisis indicator for predictive analysis. Many scholars 

regard corporate bankruptcy as the sole indicator of financial crisis, but some scholars 

have enriched the definition of financial crisis based on this. Beaver (1966) pointed 

out that in addition to bankruptcy applications, companies with issues such as credit 

overdraft, bond defaults, and inability to pay dividends can also be considered 

financially distressed. Gordon (1971) also pointed out that only when a company's 

profitability drops to a certain extent and it is unable to repay its principal and interest 

can the company be in a state of financial distress. Ross (1999) summarized corporate 

financial crises into four categories: ① business failure: inability to repay debts after 

financial liquidation; ② Statutory bankruptcy: unable to continue operating and filing 

a bankruptcy application with the court; ③ Technical bankruptcy: inability to repay 

contract principal and interest; ④ Meeting bankruptcy: net assets less than 0 [48]. In 

summary, most international scholars judge financial risks of enterprises based on 

situations such as bankruptcy, inability to repay debts, and default. 

Due to the fact that this article focuses on Chinese enterprises, their operating 

environment and national conditions are different from those of Western countries. 

Even if Chinese enterprises face bankruptcy or operational difficulties, especially 

large and medium-sized enterprises, they can be protected through various forms such 

as other capital injections, mergers and acquisitions, custodial operations, and support 

for development. There are few cases of corporate bankruptcy. Gu Qi (1999) proposed 

that corporate bankruptcy is an extreme manifestation of financial crisis, Corporate 
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financial crisis is an economic phenomenon in which a company is unable to repay its 

debts and operate normally. Therefore, using corporate bankruptcy as a symbol of 

financial crisis for Chinese companies is not appropriate. 

In March 1998, the China Securities Regulatory Commission issued a notice on 

the special treatment methods for stocks of listed companies during periods of 

abnormal financial conditions, requiring the stock exchange to implement special 

treatment (ST) for the trading of stocks of listed companies with abnormal conditions. 

Abnormal conditions mainly refer to the negative net profits in the last two 

accounting years and the net assets per share being lower than the face value of the 

stocks in the most recent accounting year. Therefore, most Chinese scholars regard 

abnormal financial conditions as a sign of a company's financial crisis. Chen Jing 

(1999) used whether a company is an ST company as a criterion to distinguish 

financial risk from a normal company. Scholars such as Zhang Ling (2000), Yang 

Shu'e (2003), Fang Kuangnan (2016), Wang Yudong (2018), and Li S (2021) have 

successively adopted the ST mark as the standard for a company's financial crisis. 

Some scholars also use other attributes to label financially distressed companies, 

enriching the categories of financial status indicators. For example, Liu Yanwen 

(2007) classified companies into good companies, unstable companies, and 

financially distressed companies based on financial indicators such as return on 

equity, and Song (2023) used K-means clustering algorithm to classify the financial 

status of companies into "healthy" and "early warning". 

Due to the particularity of the socialist market economy with Chinese 

characteristics, scholars cannot fully apply the definition of financial crisis in Chinese 

enterprises to the international environment. Currently, the mainstream view is still to 

view companies being treated as special treatment (ST) as a criterion for evaluating 

financial crisis or risk. Given the transparency of financial statements and annual 

reports of Chinese listed companies, as well as the effective supervision of the China 

Securities Regulatory Commission, when a listed company is listed under ST, it 

indicates that the company has suffered serious losses or is on the brink of bankruptcy. 

Therefore, this article will also use whether listed companies are marked as ST as a 

criterion for predicting financial risk. 
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2.2 Determination of financial risk warning indicators 

In the early days, scholars used a single financial indicator for early warning, and 

Fitzpatrick (1932) first proposed bankruptcy prediction using univariate indicators such as net 

profit/shareholder equity for 19 companies. Based on a single indicator model, Altman (1968) 

established a multivariate financial risk discrimination model (Z-Score model) to warn of 

instability and difficulty in comprehensively and objectively reflecting operating conditions. 

Five financial ratio indicators, including pre tax earnings/total assets, working capital/total 

assets, retained earnings/total assets, stock market value/debt value, and sales revenue/total 

assets, were selected for bankruptcy prediction, Subsequently, numerous scholars began to 

integrate multiple financial indicators. Aziz (1988) constructed a financial crisis warning 

model for cash flow indicators, while Ciampi (2013) screened 33 financial variables and 

ultimately obtained 9 financial indicators that could reflect the financial status of the 

enterprise, but with the infiltration of research, some scholars have improved the accuracy of 

predictions by introducing non-financial indicators. Pätäri (2014) used corporate social 

responsibility and competitiveness as early warning indicators, while Doumpos (2017) 

incorporated international and national policy, economic, and business information into early 

warning analysis. 

Chinese listed companies regularly disclose annual and interim reports, so most scholars 

predict and analyze based on five major financial indicators in the disclosed financial reports: 

profitability, operating ability, growth ability, solvency, and cash flow (Lv Jun, 2014; Wang 

Yudong, 2018; Zhan Chen, 2023). In recent years, scholars have begun to explore the early 

warning of non-financial indicators. Li (2021) combined quantitative financial news texts 

with traditional financial indicators, revealing the important role of financial news in 

influencing corporate financial risks. Li Chenggang et al. (2023) focused on text analysis of 

the management discussion and analysis module in the annual reports of listed companies. 

They constructed text disclosure indicators from text similarity, text sentiment value, and text 

readability to conduct credit risk warnings, effectively supplementing the company's financial 

indicator information and improving warning accuracy. Therefore, based on the research of 

previous scholars, this article will choose a combination of financial indicators and non-

financial indicators to construct a financial risk warning indicator system. 
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2.3 Establishment of Financial Risk Warning Model 

2.3.1 Early warning models of traditional statistical techniques 

Regarding the construction of financial risk early warning models, Fitzpatrick 

(1932) initially selected a single financial ratio indicator to establish an early warning 

model. Beaver (1966) selected samples of 79 bankrupt and normal companies, and 

introduced mathematical statistical methods to establish a univariate discriminant 

model. Altman (1968) selected bankrupt and normal companies with comparable asset 

sizes based on Beaver's research, construct a multivariate discriminant warning model 

with 5 financial indicators, calculate the Z-value through weighted financial indicators 

to predict financial distress. Altman (1977) optimized the Z-SCORE model by 

increasing the original model's five variables to seven, proposed the Zeta model, and 

improved the prediction accuracy. Ohlson (1980) first used logistic regression models 

to predict financial crises, and the results were better than those of discriminant 

analysis models. Chinese scholars Zhou Shouhua (1996) also considered the factor of 

cash flow based on the Z-SCORE model and proposed a multiple discriminant F-

score model. Chen Xiao and Chen Zhihong (2000) constructed a multiple logistic 

regression model based on financial data of Chinese listed companies, identifying that 

six indicators, including retained earnings/total assets, working capital/total assets, 

have a significant impact on the prediction results. Yang Shue and Xu Weigang (2003) 

introduced principal component analysis, on this basis, a multivariate discriminant Y-

value warning model was constructed. Wang Xuedan (2014) screened ST samples and 

normal samples in a 1:1 ratio based on the principle of the same category and similar 

listing years. Factor analysis was used for dimensionality reduction, and a warning 

model was established using logistic regression, achieving good prediction results. 

Although it is a traditional statistical method, many scholars still use the Z-Score 

model (Lu Xingyu, 2021), F-Score model (Rahman, 2021), and logistic regression 

model (Chaiyawat, 2011; Manodamrongsat, 2021) to warn companies of financial 

difficulties and achieve good prediction results. 
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2.3.2 Early warning models of machine learning technology 

With the rapid development of information technologies such as artificial 

intelligence, big data, and cloud computing, the application of machine learning 

technology in early warning models is becoming increasingly widespread. Odam 

(1990) first proposed the application of artificial neural network technology in the 

field of financial early warning, and found that its predictive performance and 

stability are better than Z-value models. Vapnik (1999) used Support Vector Machine 

(SVM) method to predict financial distress with high accuracy. Gottlieb (2006) used 

financial data of listed companies in the United States as the research object, 

constructed logistic regression, SVM, and Bayesian models, and compared the results 

to show that logistic regression and SVM have better effects. Chen (2011) conducted 

a comparative analysis of the financial difficulties of Taiwanese listed companies 

using decision trees and logistic regression models, and found that the prediction 

accuracy of decision trees is high in the short term within one year, while the 

prediction accuracy of logistic regression models is high in the long term over one 

year. Yang Qinglong (2016) used the LASSO method to effectively screen indicators 

of corporate financial distress, and compared the performance of decision trees, 

random forests, SVM, nearest neighbor methods, and the most common logistic 

regression models. It was found that most machine learning algorithms outperformed 

logistic regression methods. Li Chenyao (2023) used nine machine learning 

algorithms, namely Bayesian Network (GBN), Naive Bayesian Network (NBN), 

Logistic Regression (LR), Decision Tree (DT), Support Vector Machine (SVM), 

Artificial Neural Network (ANN), Bagging (BA), k-Nearest Neighbor (KNN), and 

Random Forest (RF), to warn financial risks of listed real estate companies. He found 

that GBN-TAN, ANN, and KNN had the best results. Bian (2022) used a genetic 

algorithm optimized SVM model to improve the accuracy by 86.5% compared to 

traditional SVM models, from 79.2%. It can be seen that adding some algorithms to 

optimize a single machine learning model can also improve prediction performance. 

With the rapid evolution of computer technology and the significant 

improvement of computing power, deep neural networks are a further development of 

artificial neural networks, many innovative algorithms and model architectures have 

emerged in the field of deep learning. Deep neural network structures enable models 
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to automatically learn hierarchical feature representations, thereby better adapting to 

the diversity and changes in the real world. This ability has made significant progress 

in areas such as image recognition, natural language processing, and speech 

recognition, and has surpassed traditional machine learning methods in many 

applications. Hochreiter (1997) proposed that compared to real-time recursive 

learning, backpropagation over time, recursive cascade correlation, Elman networks, 

and neural sequence partitioning, long short term memory (LSTM) runs faster and 

performs better. Kuen (2015) applied deep learning to visual tracking invariant 

representation learning, achieving good results through strong spatiotemporal 

constraints and stacked convolutional autoencoder tracking for visual description. 

Hosaka (2019) selected financial ratios from the financial statements of four fiscal 

periods, attempted to automatically generate images for training and testing, 

constructed a convolutional neural network model for bankruptcy prediction, and 

compared it with multiple methods such as Z-Score, decision tree, support vector 

machine, linear discriminant analysis, AdaBoost, etc. It was found that convolutional 

neural networks have better predictive performance. Li Sha (2021) used two restricted 

Boltzmann machines (RBMs) and one BP neural network to construct a deep learning 

model, and optimized the model parameters using the Whale Algorithm. Compared 

with the Least Squares Support Vector Machine (LSSVM), she found better predictive 

results. Li (2021) used the "Bert based Chinese" pre trained language model proposed 

by Google to represent word vectors, and combined the advantages of bidirectional 

recurrent neural network (Bi RNN) and LSTM to construct the BiLSTM model. It 

was found that this deep learning based model can have high predictive results in four 

aspects of emotions: capital market, stock market, internal business conditions, and 

politics. 

With the continuous emergence of various models, there are certain advantages 

and disadvantages of models under certain conditions. Ensemble learning constructs a 

powerful model by combining multiple weak models to compensate for the 

shortcomings of each model and improve overall performance and generalization 

ability. Common methods for ensemble learning include Bagging, Boosting, Stacking, 

and so on. Liang Mingjiang (2012) used the AdaBoosting ensemble learning method 

with support vector machine as the base classifier, which has higher prediction 
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accuracy and stability than a single base classifier. Cao Wei (2018) used the Majority 

Voting method in ensemble learning Bagging to integrate five models: BPNN, SVM, 

KNN, LOG, and MDA, and found that the prediction results of the integrated model 

were better than those of a single model. Choi (2018) established a voting based 

ensemble model using six models: support vector machine (SVM), artificial neural 

network (ANN), decision tree (C4.5), naive Bayes (NB), LR, and k-nearest neighbor 

(KNN). The predictive performance of the model is higher than that of a single model. 

Chen Yufang (2022) addressed the issue of excessive indicators by using machine 

learning methods such as Lasso method, Mann Whitney nonparametric method, and 

random forest to screen indicators. To address the imbalance in the proportion of 

positive and negative samples, the Smote algorithm was used to solve the problem. A 

single financial fraud prediction model was constructed by constructing machine 

learning algorithms such as logistic regression, decision tree, and XGBoost, and a 

fusion model was constructed using the fusion method of Voting and Stacking, It was 

found that the fused model has better recognition ability. Abror (2023) used a genetic 

algorithm support vector machine feature selection algorithm to reduce the attributes 

of the dataset and trained it using a stacking method, which included multiple single 

classifier base learners such as k-nearest neighbors, naive Bayes, decision trees with 

classification and regression tree models, gradient boosting decision trees, and light 

gradient boosting, with an accuracy rate of up to 99.22%.In addition, in the field of 

ensemble models in deep learning, Ouyang (2021) developed a risk warning model 

based on an Attention-LSTM neural network and found that, compared to the BP 

neural network, SVM, and ARIMA models, the Attention-LSTM neural network 

achieved higher average prediction accuracy across short, medium, and long-term 

forecasts. Kavianpour(2023) integrated CNN, BiLSTM, attention mechanism, and 

ZOH preprocessing to predict earthquake magnitude and frequency for the next 

month. Testing on data from nine regions in China, the method outperformed SVM, 

MLP, DT, RF, CNN, LSTM, and CNN-BiLSTM in performance and generalization. 

In summary, scholars have gone through an evolutionary process from traditional 

statistical techniques to modern machine learning techniques in the field of financial 

risk warning. They have achieved different results by establishing various financial 

crisis warning models and creating composite ensemble models, but the practical 
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significance of these models varies. In addition, research on sample selection, 

indicator selection, time span, and algorithms for constructing composite ensemble 

models still requires continuous exploration and improvement. 

2.3.3 Early warning models of optimization algorithm technology 

Optimization algorithms are integral to the advancement of early warning 

models, significantly improving their predictive accuracy, generalization capabilities, 

and adaptability to complex and imbalanced data. The correct selection and 

application of optimization algorithms directly affect the convergence speed and final 

performance of deep learning models. Selecting appropriate optimization algorithms 

based on task characteristics and model structure is a key step in deep learning 

development. Among the prominent techniques, activation function optimization and 

hyperparameter tuning stand out for their contributions to the development of robust 

and efficient models. 

The activation function is a crucial part of deep learning, which has a profound 

impact on the nonlinear expression ability and gradient propagation efficiency of 

neural networks. In the early days, the Sigmoid activation function proposed by 

Rumelhart et al. (1986) was widely used due to its limitation of output values within 

the range of (0,1), but there were issues with non-zero centers and vanishing 

gradients. Subsequently, LeCun et al. (1998) introduced the Tanh activation function 

and adjusted the output range to (-1,1), partially alleviating the non-zero center 

problem but still limited by gradient vanishing. To address these issues, Nair et al. 

(2010) proposed the ReLU activation function, which has a constant gradient in the 

positive range, significantly improving the training efficiency of deep networks. 

However, it remains constant at zero in the negative range, which may lead to 

neuronal "death". In response, researchers have proposed various improvement 

schemes, such as Maas et al.'s (2013) Leaky ReLU and Parametric ReLU, which 

alleviate the problem of neuronal "death" by introducing negative slope values. The 

Swish activation function proposed by Ramachandran et al. (2017) optimizes gradient 

propagation through smooth non-monotonic properties. The Mish activation function 

proposed by Misra (2020), combined with Tanh and SoftPlus features, further 

enhances generalization performance. In addition, scholars have also explored 

activation function optimization for specific application scenarios, such as SPReLU 
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proposed by Wu Tingting (2022), which combines the advantages of ReLU, PReLU, 

and SoftPlus to significantly improve model performance. The LUTanh proposed by 

Shidik (2021) combines ReLU and Tanh, demonstrating strong robustness in tasks 

such as earthquake prediction. Jagtap et al. (2020) dynamically adjusted the topology 

of the loss function during the optimization process by introducing extensible 

hyperparameters into the activation function to form an adaptive activation function. 

The evolution of these improved activation functions has evolved from a single form 

to a parallel trend of dynamic adjustment and fusion strategies, providing strong 

support for the widespread application of deep learning in fields such as finance and 

healthcare by enhancing the model's feature extraction ability and generalization 

performance. 

Hyperparameter tuning is a crucial aspect of deep learning optimization, directly 

influencing model architecture, training efficiency, and performance. Early traditional 

methods such as grid search and random search were commonly used for 

hyperparameter optimization. Bergstra and Bengio (2012) demonstrated that random 

search outperforms grid search in high-dimensional hyperparameter spaces, marking a 

significant improvement in model optimization strategies. However, as models 

became more complex, these methods showed inefficiency in exploring large search 

spaces. To address this, Snoek et al. (2012) introduced Bayesian optimization, which 

constructs surrogate models to predict performance and guide the search, significantly 

improving the efficiency of hyperparameter tuning in complex models. Building on 

this, Hyperband, introduced by Li et al. (2018), further advanced the field by 

combining a multi-armed bandit framework with dynamic resource allocation. 

Hyperband optimizes computational resource usage, enabling faster identification of 

high-performing configurations, especially in deep learning models with large 

hyperparameter spaces. Hyperband has been particularly successful in domains where 

computational resources are limited. For example, Falkner et al. (2018) combined 

Bayesian optimization with Hyperband to develop the BOHB algorithm, improving 

optimization efficiency by balancing exploration and exploitation. This method allows 

for more efficient hyperparameter optimization, especially for large-scale deep 

learning models, by allocating more resources to promising configurations while 

quickly discarding less effective ones. In financial forecasting, Chen and Liu (2021) 



 

 

 
 17 

applied the Hyperband algorithm to optimize LSTM hyperparameters for stock price 

prediction. Their results showed that Hyperband outperformed Bayesian optimization, 

providing more stable and accurate predictions, thus offering a robust approach for 

dynamic financial data modeling. Similarly, in industrial diagnostics and healthcare, 

hyperparameter optimization techniques, such as those implemented by Hyperband, 

have been shown to improve performance in fault detection and disease prediction 

tasks. In these fields, optimizing parameters like learning rates and network 

architecture has proven effective for adapting to complex and diverse data 

distributions, enhancing model robustness. These advancements demonstrate that 

hyperparameter optimization not only enhances deep learning model performance but 

also accelerates model development by reducing tuning time and computational costs. 

Hyperband and other efficient optimization techniques have become essential tools in 

fields such as finance, healthcare, and industrial applications, where the complexity of 

data and models requires fast, resource-efficient tuning methods. 

Optimization algorithms are crucial for improving the performance of deep 

learning models. While activation function optimization enhances the model's ability 

to express nonlinear relationships, hyperparameter optimization focuses on fine-

tuning the overall parameter configuration. Together, they work towards improving 

both prediction accuracy and generalization capability. Therefore, this paper combines 

ReLU, Sigmoid, and Tanh custom activation functions with the Hyperband algorithm 

to optimize model performance, demonstrating their synergistic effect in enhancing 

the efficiency and effectiveness of deep learning models. 

2.4 Statistical method theory 

This section will introduce the multicollinearity detection method (VIF), 

principal component analysis (PCA) for data dimensionality reduction, feature 

selection based on decision tree and Lasso in machine learning, logistic regression 

model, decision tree model, SVM, BP neural network, and convolutional neural 

network model in deep learning algorithms used in the data processing stage of 

empirical analysis, And provide a method overview and content introduction for the 

random forest model in Bagging algorithm, XGBoost model in Boosting algorithm, 

and hierarchical model in Stacking algorithm among the three ensemble learning 
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algorithms, as well as the main evaluation indicators for machine learning binary 

classification models. 

2.4.1 Data Preprocessing methods 

2.4.1.1 Smote Oversampling 

SMOTE (Synthetic Minority Oversampling Technique) was proposed by Chawla 

in 2002. It is a technique that uses synthetic minority oversampling to balance class 

distribution by adding minority samples, reducing the risk of overfitting while 

improving the model’s generalization ability. Specific implementation steps: 

(1) Randomly select minority class samples: Select sample xi from the minority 

class samples as the benchmark sample for synthesizing new samples, calculate the 

Euclidean distance between this sample xi and other minority class samples, and 

obtain the K nearest neighbors of sample xi. 

(2) Randomly select neighboring samples: Set a sampling rate of N % based on 

the imbalanced proportion of the samples, randomly select xij as the sample from the 

selected K nearest neighbors, and repeat the operation N times to obtain samples x11, 

x12, ..., xKN . 

(3) Composite new sample: Linear interpolation is performed between the 

benchmark sample xi and the nearest neighbor sample xij to construct a new sample, 

generating a new sample  

gi = xi +(xij −xi).                            (2.1) 

2.4.2 Feature selection methods 

Principal component analysis (PCA) and random forest feature selection in 

machine learning are all related to dimensionality reduction to some extent. PCA 

focuses on maximizing the variance of the data by finding the most important 

principal components (linear combinations) in the data to reduce its dimensionality, 

while random forest feature selection focus more on selecting the features that make 

the greatest contribution to the prediction target, indirectly achieving dimensionality 

reduction effects. 
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2.4.2.1 Principal Component Analysis 

Principal component analysis (PCA) is a data dimensionality reduction technique 

proposed by Pearson in 1901. Its goal is to find the principal components in the data 

and project the original data onto a new coordinate system, thereby achieving 

dimensionality reduction and preserving the main information of the data. The 

principal component is a linear combination of the original variables, arranged in 

descending order of variance. The specific implementation steps are as follows: 

(1) Assuming there are n companies, each with m observation indicators, 

forming a matrix: 

𝑋 = (xij)𝑚×𝑛.                                        (2.2) 

(2) Standardized data: Normalize the original data to obtain a standardized 

matrix: 

  𝑍 = (zij)𝑚×𝑛,                                           (2.3)  

 zij =
xij−xj̅

sj
.                                             (2.4) 

(3) Calculate covariance matrix: Calculate the covariance matrix of the 

standardized data, using the following formula: 

  𝑅 = (rij)𝑚×𝑛 ,                                        (2.5) 

                 rij =
1

𝑛−1
∑ 𝑧𝑖𝑗

𝑛
𝑖=1 𝑧𝑖𝑘 .                               (2.6) 

(4) Calculate eigenvalues and eigenvectors: Perform eigenvalue decomposition 

on the covariance matrix to obtain eigenvalues and corresponding eigenvector 

eigenvectors: 

 u𝑗 = (𝑢1𝑗, 𝑢2𝑗 , . . . , 𝑢𝑚𝑗)
𝑇.                          (2.7) 

(5) Select Principal Component: Arrange the eigenvalues in descending order, 

and select the eigenvectors corresponding to the first k eigenvalues as the principal 

components : 

𝑦𝑗 = 𝑢1𝑗𝑧1+𝑢2𝑗𝑧2+. . . +𝑢𝑚𝑗𝑧𝑚.                         (2.8) 

The cumulative contribution rate is 

α =
∑ λ𝑖

𝑘
𝑖=1

∑ λ𝑖
𝑚
𝑖=1

𝑦𝑗,                                         (2.9) 

where k is the number of selected principal components. 
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2.4.2.2 Random Forest Feature Selection 

The basic idea of random forest feature selection is to use the splitting process of 

each decision tree in the random forest model to evaluate the importance of features, 

proposed by Leo Breiman and Adele Cutler in 2001. By calculating the contribution 

of each feature in different trees, the impact of that feature on the model's prediction 

results can be measured, and the most useful feature can be selected.The specific 

calculation formula is as follows: 

(1) Gini Importance 

Gini importance measures the contribution of each feature to reducing node 

impurity in a tree model: 

For a certain feature in a decision tree j, gini impurity is used to measure the 

impurity of nodes, 

I(t) = 1 − ∑ 𝑝𝑘
2𝐾

𝑘=1 ,                      (2.10) 

where 𝑝𝑘 is the proportion of samples belonging to category 𝑘 on node t. 

Feature importance score: On node t, calculate the Gini importance GI (j) for 

feature j, 

     GI(T) = ∑ (
𝑁𝑡

𝑁
) ⋅ (𝐼(𝑡) −

𝑁𝑡𝐿

𝑁
⋅ 𝐼(𝑡𝐿) −

𝑁𝑡𝑅

𝑁
⋅ 𝐼(𝑡𝑅))𝑡∈𝑠𝑝𝑙𝑖𝑡𝑠 on j ,         (2.11) 

where 𝑁𝑡 is the number of samples on node t, 𝑁𝑡𝐿 and 𝑁𝑡𝑅 are the sample sizes of the 

left and right child nodes, respectively.𝐼(𝑡) is the Gini impurity of node t. 

(2) Feature Importance in Random Forest 

In a random forest, the formula for calculating the importance of feature j is, 

FI(t) =
1

T
∑ 𝐺𝐼𝑚

𝑇
𝑚=1 (j),                                          (2.12) 

where 𝑇 is the number of trees in the forest, and 𝐺𝐼𝑚(𝑗) is the Gini importance of 

feature j in the mth tree. 

2.4.4 Machine learning models 

This section mainly introduces four single models that are frequently used in 

machine learning models, namely, logical regression model, decision tree, support 

vector machine and BP neural network model, and describes the calculation formulas 

and theoretical points involved. 
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2.4.4.1 Logistic regression model 

Logistic Regression was proposed by statistician David Cox in 1958 and has had 

a significant impact on the development of machine learning. Logistic regression is a 

linear single model used to perform classification tasks. It belongs to supervised 

learning in machine learning. Binary regression and multiple out of order regression 

are subdivisions of this model. Its name includes "regression" because its principle is 

similar to that of linear regression model. However, the application of logistic 

regression tends to handle classification problems rather than regression problems, 

with a focus on solving binary classification problems, that is, mapping input features 

to output as one of two categories. For multi class problems, it can be extended to 

polynomial logistic regression. Many scholars have used binary logistic regression in 

enterprise financial risk warning models. 

Logistic regression maps the results of linear regression to between 0 and 1 using 

the sigmoid function, thereby obtaining the probability that the sample points belong 

to a certain category. The following is the calculation formula for the logistic 

regression model: 

The linear regression form of the explanatory variable is as follows: 

𝑍 = 𝛽0 + 𝛽1𝑥1+. . . +𝛽𝑛𝑥𝑛,                                            (2.15) 

where 𝑍 is the predicted value of linear regression, β0, β1, … , β𝑛 is the coefficient to be 

estimated, and x1, x2, … , x𝑛 is the explanatory variable. 

(2) For the binary classification problem, the response variable Y ∈{0,1} is used 

to map the predicted value Z to [0,1] through the Sigmoid function, which is: 

p = g(Z) =
1

1+𝑒−𝑍 .                                            (2.16) 

(3) Generate predicted response variable Y based on calculated probability p: 

Y = {
1, p ≥ 0.5
0, p < 0.5

 .                                           (2.17) 

Next, the maximum likelihood method can be used to solve the estimated 

coefficient β𝑖. 

The advantages of logistic regression models are: (a) for binary classification 

problems, they generally perform well, are easy to implement, and have a fast speed; 

(b) The output probability can be interpreted as the occurrence of events under given 
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characteristic conditions, with good interpretability and practical significance; (c) Not 

requiring too much preprocessing, it can directly process various types of features. 

2.4.4.2 Decision Tree Model 

There are three important algorithms for the principle of decision trees. Breiman 

(1984) proposed the CART (Classification and Regression Trees) algorithm, which 

consists of feature selection, tree generation, and pruning. Quinlan (1986) proposed 

the ID3 (Iterative Dichotomizer 3) algorithm, which uses "information gain" to select 

partition attributes and can only handle discrete attributes. Quinlan (1993) further 

optimized it and proposed the C4.5 algorithm, using "gain rate" to select partitioning 

attributes can handle both continuous attributes and attributes with missing values. 

These algorithms can be used for both classification and regression. 

This research will use the CART algorithm and Gini Index as an indicator to 

measure the purity of the dataset. When dealing with classification problems, the 

corresponding decision tree is called a classification tree. The Gini coefficient is used 

to measure the degree of mixing of samples in a dataset, that is, the probability of 

randomly selecting two samples from the dataset with different categories. The 

smaller the Gini coefficient, the higher the purity of the dataset, and the more likely 

the samples are to belong to the same category. The better the classification effect 

based on this feature. Assuming there are k categories of samples, Gini (T) is the Gini 

coefficient of dataset T, where the probability of a sample belonging to the i-th 

category is. The specific calculation formula is as follows: 

Gini(T) = ∑ 𝑝𝑖（1 − 𝑝𝑖)
𝑘
𝑖=1  .              (2.18) 

In the process of constructing a decision tree, when selecting the optimal 

partitioning feature, the CART algorithm calculates the Gini coefficient of each 

feature and selects the feature with the smallest Gini coefficient for partitioning. The 

smaller the weighted sum of the Gini coefficients after partitioning, the better the 

partitioning effect. The process of constructing a classification tree is to recursively 

select the optimal features and partition points, continuously partition the dataset until 

the stop condition is reached. When the stop condition is met, a leaf node is generated, 

and its category is marked as the category with the highest number of samples in the 

dataset. The entire construction process will form a tree like structure, where each 
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internal node represents a feature and its partitioning points, and each leaf node 

represents a category, ultimately generating a CART classification tree. 

The advantages of decision trees are: (a) they can be visualized and the generated 

prediction rules are easy to interpret; (b) The prediction process of decision trees is 

very efficient, requiring only a series of comparison operations along the path of the 

tree; (c) Decision trees are not sensitive to feature scaling and do not require 

normalization or normalization of input features. 

2.4.4.3 Support Vector Machine Model 

Support Vector Machine (SVM) is a machine learning model widely used in 

classification, regression, and anomaly detection. Cortes (1995) proposed how to use 

linear SVM for classification and introduced the concept of support vector networks. 

It has advantages in dealing with problems such as small samples, nonlinearity, and 

high dimensionality, especially suitable for classification problems of small and 

medium-sized complex datasets. The basic idea of SVM is to construct one or more 

hyperplanes in high-dimensional or infinite dimensional spaces, so that these 

hyperplanes can separate samples of different categories and ensure maximum 

separation intervals. In binary classification problems, the main objective is to find an 

optimal hyperplane, divide the dataset into two categories, so that the closest sample 

point in both categories has the maximum distance from the hyperplane, that is, to 

maximize the interval, while ensuring the accuracy of classification. 

Linear Separable Case: For linearly separable datasets, SVM attempts to find an 

optimal hyperplane that maximizes the sum of distances from the closest point (called 

support vector) to the hyperplane in two types of samples. The objective function of 

SVM can be formalized as: 

                     g(Z) = 𝑚𝑖𝑛𝑤,𝑏
1

2
||𝑊||2,                              (2.19) 

where W is the normal vector of the hyperplane, and b is the bias term. By 

minimizing this objective function, the hyperplane found correctly categorizes the 

samples into different categories and maximizes the interval. 

The SVM decision function can be expressed as: 

f(x) = sgn(wT ∙ x + b) ,                               (2.20) 



 

 

 
 24 

where x is the input feature vector,sgn() is a sign function that returns the sign (+1 or 

-1) of its parameters. 

(2) Non linearly separable case: For non linearly separable datasets, SVM maps 

the data from low dimensions to higher dimensions by introducing Kernel Function, 

making the sample data linearly separable and searching for the optimal hyperplane in 

this high-dimensional space. The commonly used kernel functions include linear 

kernel, polynomial kernel, Gaussian radial basis function (RBF) kernel, etc. The 

objective function of SVM can be formalized as: 

minw,b,ξ
1

2
||W||2 + C∑ 𝜉𝑖

𝑛
𝑖=1  ,                                   (2.21) 

where 𝜉𝑖 represents the relaxation variable of the i-th sample, and C is a regularization 

parameter used to balance the two objectives of minimizing interval and minimizing 

misclassified samples. This function simultaneously seeks to minimize the interval, 

minimize misclassified samples, and minimize the sum of slack variables in 

optimization. In the optimization process, the model will try to find a hyperplane as 

much as possible, so that most of the samples are on both sides of the hyperplane, and 

allow some samples to appear within the interval or on the misclassified side. 

The SVM decision function can be expressed as: 

f(x) = sgn(∑ 𝛼𝑖
𝑛
𝑖=1 yiK(x, xi) + b) ,                                (2.22) 

The advantages of SVM are: (a) SVM can efficiently classify in high-

dimensional space, suitable for processing data with a large number of features; (b) 

By using kernel functions, support vector machines can flexibly handle nonlinear 

relationships; (c) By maximizing the interval principle, the model has good 

generalization ability on data outside the training set, and has a significant anti 

overfitting effect. 

2.4.4.4 BP neural network model 

The BP neural network model was first proposed by Rumelhart (1986), focusing 

on the principle and application of error backpropagation algorithm. It consists of 

input layer, hidden layer (which can have multiple layers), and output layer, and is 

learned and predicted through the process of forward and backward propagation. Each 

layer of neuron state only affects the next layer of neuron state, making it one of the 

most widely used neural network models. 
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(1) Forward propagation: This article focuses on financial risk warning, so if it is 

ST company, the output value is 1, otherwise it is 0. Assuming there are n inputs and 2 

outputs in the network, and s neurons in the hidden layer. 

 

Figure 1 BP neural network structure diagram 

 

Calculation formula for input layer to hidden layer: 

zj = f1(∑ 𝑤𝑖𝑗
𝑛
𝑖=1 𝑥𝑖 − 𝑏𝑗) ,                                     (2.23) 

where f1 is the activation function of the hidden layer (Sigmoid function or ReLu 

function),  𝑤𝑖𝑗 is the weight from the input layer to the hidden layer, 𝑥𝑖 is the input 

value, and 𝑏𝑗 is the threshold of the hidden layer j neuron. 

Calculation formula from hidden layer to output layer: 

yk = f2(∑ 𝑤𝑗𝑘
2
𝑗=1 𝑧𝑗 − 𝑏𝑘) ,                                   (2.24) 

where f2 is the activation function of the output layer, 𝑤𝑗𝑘 is the weight from the 

hidden layer to the output layer, 𝑦𝑘 is the output value, and 𝑏𝑘 is the threshold of the 

output layer. 

Calculate the loss between the predicted output and the actual label. The 

common mean square error loss function is: 

𝐽 =
1

2
∑ (𝑦𝑘 − 𝑡𝑘)

22
𝑘=1  ,                                      (2.25) 

where 𝑦𝑘 is the output value and 𝑡𝑘 is the actual label of the sample. 

(2) Backward propagation: Starting from the output layer, adjust the connection 

weights layer by layer in the direction of reducing the error between the expected 
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output and the actual output. Adjust the weights and biases of each neuron in the 

neural network to minimize the error between the network output and the actual 

labels. 

Calculate the error term (gradient) of the output layer neurons: 

δk = 𝑦𝑘 − 𝑡𝑘 .                                                   (2.26) 

Calculate the error term for hidden layer neurons: 

δj = f ’(zj)∑ 𝑤𝑗𝑘
𝑛
𝑗=1 δk .                                       (2.27) 

Update the weights and thresholds of the output layer: 

𝑤𝑗𝑘 = 𝑤𝑗𝑘 − 𝛼δk𝑧𝑗 ,                                            (2.28) 

 𝑏𝑘 = 𝑏𝑘 − 𝛼δk .                                                (2.29) 

Update the weights and thresholds of hidden layers: 

𝑤𝑗𝑘 = 𝑤𝑖𝑗 − 𝛼δj𝑥𝑖  ,                                            (2.30) 

 𝑏𝑗 = 𝑏𝑗 − 𝛼δj ,                                                 (2.31)  

where α is the learning rate, which is used to control the step size of parameter 

updates. 

(3) Iterative optimization: Repeat the process of forward and backward 

propagation, continuously adjusting weights until a certain stopping criterion is met 

(such as an error less than the set value or an iteration reaching the set upper limit). 

The advantages of the BP neural network model include: (a) the ability to learn 

and approximate any complex nonlinear relationship through activation functions and 

multi-layer network structures; (b) Automatically adjust weights and thresholds 

during the training process to adapt to different input data, with strong self-learning 

and adaptive abilities; (c) The damage of individual neurons or local noise in input 

data will not have a serious impact on the overall performance of the network, 

therefore it has a certain degree of fault tolerance and robustness. 

2.4.5 Deep learning models 

Deep learning models are a type of machine learning model based on Artificial 

Neural Networks (ANN), characterized by a deep structure that includes multiple 

layers of neural networks. Through multi-level nonlinear transformations, they can 

automatically learn complex features and representations in input data. Therefore, 

compared to traditional machine learning algorithms, deep learning performs better in 
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processing large-scale, high-dimensional data and solving complex tasks. The current 

deep learning models mainly include: deep neural networks (DNN), convolutional 

neural networks (CNN), recurrent neural networks (RNN), long short-term memory 

networks (LSTM), autoencoders, generative adversarial networks (GAN), etc. This 

article will use Convolutional Neural Networks (CNN) to effectively process financial 

data, extract relevant features, and achieve risk prediction and warning. 

2.4.5.1 Convolutional Neural Network Model 

LeCun (1998) applied convolutional neural networks to document recognition in 

the early stages, combining convolutional neural network character recognizers with 

global training techniques to improve the accuracy of recording commercial and 

personal checks. The core of CNN in financial risk warning is convolution operation, 

which uses a set of convolution kernels to perform sliding convolution on financial 

data to extract local features of the data. Through convolution operations, the model 

can locally perceive features in financial data, such as certain trends or fluctuations, 

without the need to globally consider the entire time series. This helps CNN better 

adapt to possible financial risks that may arise during different time periods. The basic 

structure of convolutional neural networks is shown in Figure 2. 

Figure 2 CNN structure diagram 

 

(1) Convolutional layer 

The convolutional layer extracts features by convolving the convolutional kernel 

with input data. Through a series of convolution operations, these abstract feature 

representations can be used for subsequent tasks such as classification, regression, and 

object detection. The specific calculation formula for convolution operation is as 

follows: 

𝑧𝑖𝑗 = ∑ ∑ 𝑥𝑖+𝑚−1,𝑗+𝑛−1
𝑁
𝑛=1 ∙ 𝑤𝑚,𝑛

𝑀
𝑚=1 + b) ,                       (2.32) 

where 𝑧𝑖𝑗 is the output after convolution, 𝑥𝑖+𝑚−1,𝑗+𝑛−1 is the input data, 𝑤𝑚𝑛 is the 

weight of the convolution kernel, and b is bias. 
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(2) Activation function 

Applying activation functions to perform nonlinear mapping on the results of 

convolution operations significantly improves the expressive power of neural 

networks, enabling them to approximate any complex nonlinear function. The specific 

formula is as follows: 

 ℎ𝑖𝑗 = 𝑓(𝑧𝑖𝑗) ,                                                           (2.33) 

where f is the activation function, usually using ReLU (Corrected Linear Unit). 

(3) Pooling layer 

The pooling layer downsamples the output of the convolutional layer to reduce 

the dimensionality of the data, and performs pooling operations such as Max Pooling 

and Average Pooling. This article adopts max pooling, taking the maximum value in 

each pooling window. Maximum pooling is the process of dividing input data into non 

overlapping rectangular regions, selecting the maximum value within each rectangular 

region as the representative value for that region, and finally retaining the most 

prominent features within each region, i.e. outputting the pooled result. The specific 

formula is as follows: 

𝑝𝑖𝑗 = 𝑚𝑎𝑥(ℎ2𝑖,2𝑗, ℎ2𝑖,2𝑗+1, ℎ2𝑖+1,2𝑗, ℎ2𝑖+1,2𝑗+1) .                       (2.34) 

(4) Fully connected layer 

Flatten the output of the pooling layer and connect it to the fully connected layer, 

where each node is connected to each node in the previous layer. The weights of each 

connection are trained and optimized using backpropagation algorithms, and 

comprehensive feature learning is performed through the fully connected layer to 

capture higher-level features. The specific formula is as follows: 

𝑦𝑘 = σ(∑ 𝑤𝑘𝑖
𝑁
𝑖=1 ∙ 𝑝𝑖 + 𝑏𝑘) ,                                              (2.35) 

where 𝑤𝑘𝑖 is the weight of the fully connected layer, 𝑝𝑖 is the output of the last 

pooling layer, 𝑏𝑘 is the bias, and σ is the activation function, usually using softmax or 

sigmoid. 

(5) Loss function 

The function of the loss function is to measure the difference between the 

predicted results of the model and the actual labels, providing an optimization 

direction for the model. By adjusting the parameters of the model, the value of the 
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loss function is minimized, which means that the model approximates or predicts 

actual data more accurately. This article adopts the commonly used cross entropy loss 

function for classification tasks, and the specific formula is as follows: 

𝐽(𝑌, 𝛵) = −(∑ 𝑇𝑖
𝐶
𝑖=1 log(𝑌𝑖)) ,                                          (2.36) 

where T is the actual label and Y is the predicted output result. 

(6) Backpropagation optimizer 

The optimizer updates the model parameters through backpropagation algorithm, 

calculates gradients based on the loss function, and updates the network parameters 

(convolutional kernel weights, fully connected layer weights, etc.) using gradient 

descent, Adam, Adagrad, and other methods. 

The advantages of convolutional neural networks include: (a) effectively 

extracting local features from input data, reducing the number of model parameters 

through weight sharing mechanism, making it more effective in processing images, 

sequences, and other data, reducing the risk of overfitting, and improving the model's 

generalization ability; (b) Automatically learn useful feature representations from 

input data without the need for manual feature extractor design; (c) Convolutional and 

pooling operations have high parallelism and computational efficiency. 

2.4.5.2 Bidirectional Long Short-Term Memory Network Model 

Bidirectional Long Short-Term Memory Network(BiLSTM ) was proposed by 

Felix A. Gers, Jürgen Schmidhuber, and Fred Cummins in 1997 as an extension of the 

Long Short-Term Memory Time Network (LSTM), BiLSTM combines two LSTM 

networks that process sequences in a forward manner and in a reverse manner, 

respectively, and this bidirectional architecture Capable of capturing the backward 

and forward dependencies of time series data well, BiLSTM is able to show better 

performance in many tasks by learning data from the past to the future and never to 

the past. 

The LSTM unit is composed of input gates, output gates, forgetting gates and 

memory units that can process and preserve the long-term dependencies of the time 

series. 
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Figure 3 LSTM structure diagram 

 

(1) Forget Gate:The forget gate determines how much of the previous memory 

cell 𝐶𝑡−1 should be retained or discarded. It selectively forgets irrelevant information 

from past time steps, enabling the network to focus on important patterns. 

ft = σ(Wf ∙ [ht−1, xt] + bf),                   (2.37) 

where ft is forget gate output, values range between [0,1];Wf,bf represent weight 

matrix and bias vector of the forget gate;ht−1is hidden state from the previous time 

step;𝑥𝑡  is current input;𝜎 is sigmoid activation function, which outputs probabilities. 

(2) Input Gate:The input gate decides which parts of the current input 𝑥𝑡 are 

useful for updating the memory cell. It acts as a filter to allow relevant information 

into the memory. 

𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [h𝑡−1, 𝑥𝑡] + 𝑏𝑖),                    (2.38) 

where 𝑖𝑡 is input gate output, values range between [0,1];𝑊𝑖,𝑥𝑡  represent weight 

matrix and bias vector of the input gate;𝜎 is sigmoid activation function, which 

outputs probabilities. 

(3) Candidate Memory Cell:The candidate memory cell 𝐶𝑡̃ computes potential 

new information to add to the memory cell. This step synthesizes information from 

the current input 𝑥𝑡and the hidden state ht−1, creating a candidate update for the 

memory. 

𝐶𝑡̃ = 𝑡𝑎𝑛ℎ(𝑊𝑐 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐),                (2.39) 

where 𝐶𝑡̃ is candidate memory values, range between [-1,1];𝑊𝑐,𝑏𝑐  represent weight 

matrix and bias vector of the candidate memory cell;𝑡𝑎𝑛ℎis Hyperbolic tangent 

activation function. 
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(4) Update Memory Cell:The memory cell 𝐶𝑡is updated by combining the results 

of the forget gate and input gate. The forget gate removes irrelevant parts of 𝐶𝑡−1, 

while the input gate determines the amount of new information to be added from 𝐶𝑡  ̃. 

 𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡̃ ,                      (2.40) 

where 𝐶𝑡  is updated memory cell state at time t. 

(5) Output Gate:The output gate controls how much of the updated memory cell 

𝐶𝑡 contributes to the hidden state ht, which will be used as output and passed to the 

next time step. It ensures that only the most relevant information is passed forward. 

𝑜𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜),                   (2.41) 

where 𝑜𝑡is output gate values, range between [0,1];𝑊𝑜,𝑏𝑜 represent weight matrix and 

bias vector of the output gate;𝜎 is sigmoid activation function. 

(6) Compute the Hidden State:The hidden state ht is generated using the memory 

cell 𝐶𝑡 and the output gate 𝑜𝑡. It represents the network's interpretation of the current 

input in the context of past information and is passed to the next time step. 

ℎ𝑡 = 𝑜𝑡 ∗ 𝑡𝑎𝑛ℎ(𝐶𝑡),                          (2.42) 

where ht is hidden state at the current time step, used for output or passed to the next 

time step;tanh is hyperbolic tangent activation function,ensuring smooth and bounded 

outputs. 

BiLSTM combines two LSTM networks to comprehensively capture the 

dependencies of the sequence data by processing the sequences in both forward and 

reverse directions. 

xt-1

LSTM

LSTM

ht-1

LSTM

LSTM

ht

xt

LSTM

LSTM

ht+1

xt+1

yt-1 yt yt+1

 

Figure 4 BiLSTM structure diagram 
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(1) Positive LSTM processing sequence, where the input sequence is processed 

step by step from the first time step to the last time step of the time sequence, and for 

each time step t, the positive hidden layer state ℎ𝑡
⃗⃗  ⃗ is computed according to the 

positive LSTM formula. 

                         ℎ𝑡
⃗⃗  ⃗ = 𝐿𝑆𝑇𝑀(𝑥𝑡, ℎ𝑡−1

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  , 𝐶𝑡−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ).                                            (2.43) 

(2) The reverse LSTM processes the sequence, processing the input sequence 

step by step from the last time step to the first time step of the time sequence, and for 

each time step t, the reverse hidden layer state ℎ𝑡
⃖⃗ ⃗⃗  is computed according to the reverse 

LSTM formula.  

ℎ𝑡
⃖⃗ ⃗⃗ = 𝐿𝑆𝑇𝑀(𝑥𝑡, ℎ𝑡+1

⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗, 𝐶𝑡+1
⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗).                                            (2.44) 

(3)Connect the forward and backward hidden states, and for each time step t, 

connect the forward hidden layer state and the backward hidden layer state, and pass 

the connected hidden state through the fully connected layer to get the final output 𝑦𝑡.  

ℎ𝑡 = [ℎ𝑡
⃗⃗  ⃗, ℎ𝑡

⃖⃗ ⃗⃗ ],                                                                           (2.45) 

                    𝑦𝑡 = 𝜎(𝑊 ∙ ℎ𝑡 + 𝑏).                                                     (2.46) 

2.4.5.3 Attention Mechanism 

Attention Mechanism (AT) was proposed by Bahdanau et al. in 2014, and was 

initially intended to be used mainly to improve the performance of machine 

translation by allowing the model to dynamically select and learn the relevant 

information in the original sentence as it translates each word, instead of relying on a 

fixed context vector. Unlike BiLSTM, the attention mechanism not only focuses on 

the input of the current time step when processing each time step of the input 

sequence, but also adjusts its weights based on the information of other time steps, so 

as to better capture the important information in the input sequence. In this paper, we 

use the implementation of a customized layer based on Additive Attention. 
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Figure 5 AT structure diagram 

 

(1)Calculate the attention score, for each time step t, the attention score 𝑠𝑡 is 

calculated via the tanh activation function. 

𝑠𝑡 = 𝑡𝑎𝑛ℎ(𝑊 ∙ ℎ𝑡 + 𝑏).                                                (2.47) 

(2)Calculate the attention weights, for each time step t, calculate the attention 

weights 𝑎𝑡 by softmax function, these weights represent the importance of each time 

step. 

𝑎𝑡 =
𝑒𝑥𝑝(𝑠𝑡)

∑ 𝑒𝑥𝑝(𝑠𝑘)𝑇
𝑘=1

.                                                 (2.48) 

(3) Calculate the weighted summation, based on the calculated attention weights 

𝑎𝑡, the input sequence ℎ𝑡 is weighted and summed to obtain the context vector 𝑐𝑡 of 

the output of the current time step. 

                                              𝑐𝑡 = ∑ 𝑎𝑡 ∙ ℎ𝑡
𝑇
𝑖=1 .                                              (2.49) 

2.4.6 Ensemble Learning Models 

Ensemble learning is a method of improving overall model performance by 

combining the prediction results of multiple weak learners. This strong model can 

take the length of all base learners and achieve relative optimal performance. These 

base learners can be of the same type or different types, presenting a "diverse yet 

different" characteristic. The main ensemble learning algorithms include three 

categories: Bagging, Boosting, and Stacking. In this paper, we propose a random 
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forest model based on the Bagging ensemble framework, an XGBoost model based on 

the Boosting ensemble framework, and a hierarchical model based on the Stacking 

ensemble framework. 

2.4.6.1 Bagging Algorithm - Random Forest Model 

The Bagging algorithm was proposed by Breiman in 1996, which randomly 

selects sub samples from the training set with dropouts. Each base learner is trained 

on different sub samples, and the prediction results of each sub learner are voted or 

averaged to obtain the final ensemble model. 

Random forest is one of the most practical algorithms in bagging ensemble 

learning. Breiman (2001) was the first to propose random feature selection and the use 

of Bootstrap method to construct multiple decision trees. The results of each tree are 

integrated through voting (classification problem) or averaging (regression problem), 

resulting in high performance and robustness of the entire model. The specific 

implementation steps are as follows: 

(1) Random sampling: Use the Bootstrap method to randomly select k sub 

training sets with replacement from the original training set. 

(2) Feature random selection: For each node in each decision tree, a portion of 

the features are randomly selected from all the features during the training process for 

node splitting, and the selected features are used as candidate feature sets. 

(3) Build a decision tree using decision tree algorithms (such as CART) based on 

candidate feature sets. During the construction process, certain splitting rules and 

evaluation indicators (such as Gini impurity or information gain) are adopted. 

(4) Repeat steps 2 and 3 to construct multiple decision trees and form a random 

forest. 

(5) Voting: The financial warning in this article is a classification problem. The 

prediction results of multiple decision trees are voted on to determine the final 

category. The category with the most votes is used as the final prediction result. The 

specific formula is as follows: 

𝑌 = mode(𝑇1(x), 𝑇2(x), . . . , 𝑇𝑛(x)) ,                                  (2.50) 

where 𝑌 is the final prediction result, 𝑇𝑖(𝑥) is the prediction result of the i-th decision 

tree, and mode is the mode taken. 
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The advantages of the random forest model: (a) By integrating the prediction 

results of multiple decision trees, it can effectively reduce the risk of overfitting of a 

single model and improve the overall prediction accuracy; (b) Capable of processing 

datasets with high-dimensional features and performing well in high-dimensional 

spaces; (c) Being able to provide the contribution of each feature to model 

performance helps to understand the data and model. 

2.4.6.2 Boosting Algorithm - XGBoost Model 

The Boosting algorithm was first proposed by Schapire (1990), which iteratively 

trains base learners. Each base learner's training focuses on the errors of previous 

learners, aiming to correct errors and improve overall performance. AdaBoost and 

Gradient Boosting Machines (GBM) are common boosting algorithms that improve 

model performance by combining weighted base learners. XGBoost and LightGBM 

are both Boosting algorithms based on GBM optimization and improvement. This 

article uses the XGBoost algorithm. 

XGBoost (Extreme Gradient Boosting) was proposed by Chen (2016). It is an 

improved version of the Gradient Boosting Decision Tree (GBDT), which combines 

multiple weak learners (decision trees) to construct a strong learner. During the 

training process, a gradient descent algorithm is used to minimize the loss function, 

and regularization terms are added to control the complexity of the model and prevent 

overfitting. The base learner used in the XGBoost model in this article is the CART 

decision tree, and the specific implementation steps are as follows: 

(1) Initialization: Calculate the initial predicted value (usually the mean of the 

training data labels). 

(2) Calculate gradient and loss: For each sample, calculate the model's prediction 

error on the target value, which is the negative gradient. Calculate the gradient of the 

loss function with respect to the predicted value based on its form. This article is a 

binary classification problem, with a gradient of 𝑦𝑖 − 𝑃(𝑦𝑖 = 1) for logistic loss. 

(3) Build objective function: Fit a regression tree with negative gradients and 

prune the tree using regularization terms to prevent overfitting. The objective function 

consists of a loss function and a regularization term, which measures the difference 

between predicted and true values and controls the complexity of the model. The 

specific formula is as follows: 



 

 

 
 36 

𝑏𝑗 = ∑ 𝐿(𝑛
𝑖=1 𝑦𝑖 , 𝑦̂𝑖))+∑ 𝛺(𝐾

𝑘=1 𝑓𝑘) ,                                     (2.51) 

where 𝐿 is the loss function, 𝑦𝑖 is the true value, ŷiis the predicted value, Ω is the 

regularization term, 𝑓𝑘 is the k-th base learner (decision tree), and 𝐾 is the number of 

base learners. 

The fitting of the objective function to the tree: At each node, select feature j and 

segmentation point s to minimize the objective function: 

Objsplit =
1

2
[

GL
2

λ+HL
+

GR
2

λ+HR
−

(GL+GR)2

λ+HR
] − γ ,                                (2.52) 

where 𝐺𝐿 and 𝐺𝑅 are the sum of gradients for the left and right child nodes, 𝐻𝐿 and 𝐻𝑅 

are the sum of Hessian matrices for the left and right child nodes, respectively, and λ 

are regularization terms, Ƴ It is the regularization of tree complexity. 

If the objective function value decreases (gain 𝑂𝑏𝑗𝑠𝑝𝑙𝑖𝑡 > 0 ) after splitting a 

node, it indicates that the splitting is beneficial and the result of this splitting can be 

considered. In order to select the optimal splitting feature and splitting point, the 

calculated feature gain values can be sorted. The greedy algorithm is used to traverse 

all partition points on all features, select the optimal feature and splitting point that 

cause the maximum decrease in the objective function value, and then recursively 

construct the CART decision tree. This process is iterated multiple times to obtain 

multiple decision trees, and a new tree is added in each iteration until the 

predetermined number of iteration rounds or stop conditions are met, gradually 

improving the performance of the model. 

The advantages of XGBoost model include: (a) efficient capture of nonlinear 

relationships and interaction effects in data, and strong learning ability; (b) Introduced 

regularization terms, including tree complexity and regularization of leaf node 

weights, effectively preventing model overfitting; (c) With fast training speed and 

lower memory usage, it is suitable for processing large-scale datasets. 

2.4.6.3 Stacking Algorithm - Layered Model 

The Stacking algorithm was first proposed by Wolpert (1992), which takes the 

prediction results of multiple base models as new input features and uses two training 

modes, multi generalization and single generalization, to train a meta model for 

prediction, improving the prediction accuracy and generalization ability of the model. 
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Unlike traditional bagging and boosting, the key idea of Stacking is to input the 

predicted results of different models as new features into the final meta model. 

Stacking is a hierarchical ensemble learning algorithm that consists of two levels. 

In the first layer, multiple different types of base learners are trained on different 

subsets, and the output results form a new dataset. The second layer's meta learner 

uses this new dataset and the original training set labels for training, thereby 

integrating the output of the primary learner to obtain the final prediction result. This 

structure allows different learners to collaborate and improve model performance. 

In Stacking, the primary learners of the first layer are usually designed to use 

complex nonlinear transformations to extract high-order features of the data, and may 

choose better performing learners to better capture the complex patterns of the data. 

This design makes the first layer learner more capable of adapting to training data. 

Due to the complexity of primary learners, there is a risk of overfitting. In order to 

reduce the risk of overfitting, the second layer of meta learners usually choose simple 

and robust models, such as linear regression or logistic regression. This article 

constructs a hierarchical model based on financial risk warning: 

(1) Data preparation: Divide the original dataset into training and testing sets. 

(2) First level base learner training: Select multiple different types of base 

learners, such as decision trees, support vector machines, BP neural networks, random 

forests, etc. Train these base learners on different subsets of the training set to obtain 

their respective prediction results. 

(3) Generate a new training set: Use the predicted results of each base learner as 

new features to form a new training set. 

(4) Second layer meta learner training: This article selects logistic regression as 

the meta learner and trains the meta learner using labels from the new and original 

training sets to learn how to combine the output of the primary learner. 

(5) Generate final prediction result: Use the prediction results of the first layer 

base learner on the test set as input to the second layer meta learner to obtain the final 

model prediction. 

The advantages of hierarchical models include: (a) The use of multiple different 

types of primary learners, which can integrate the advantages of various models and 

improve their performance; (b) Beginner learners use complex nonlinear 
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transformations to extract features, making them more adaptable to training data; (c) 

By selecting simple and robust meta learners, such as logistic regression, it helps to 

reduce the risk of overfitting and improve the model's generalization ability. 

2.4.7 Activation function optimization algorithm 

With the development of deep learning, optimizing activation functions has 

become an important direction for improving model performance. The traditional 

ReLU activation function performs well in many tasks due to its simplicity, 

computational efficiency, and ability to alleviate gradient vanishing. However, it 

suffers from the Reaper Meridian problem, which makes the model unable to learn 

effectively in certain situations. To overcome this issue, researchers have proposed 

various improved versions of ReLU functions, such as Leaky ReLU and Parametric 

ReLU (PReLU), which avoid the dead zone problem of ReLU by introducing 

negative slopes or trainable parameters. In addition, traditional activation functions 

such as Tanh and Sigmoid are also commonly used for different tasks. Tanh has 

smoothness by limiting the output between -1 and 1, but may be affected by gradient 

vanishing. Sigmoid maps the output to the interval of 0 to 1, which is commonly used 

in binary classification problems, but may also be limited by gradient vanishing. To 

address these issues, novel activation functions such as Swish and Mish have been 

proposed, which combine the characteristics of functions such as Sigmoid and Tanh to 

provide a smoother activation process, further improving the training performance 

and generalization ability of deep neural networks. This article will propose an 

improved ReLU_Tanh activation function in order to achieve the effect of optimizing 

the model. 

2.4.7.1 ReLU activation function 

ReLU is a simple and efficient activation function that sets the part of the input 

value that is less than zero to zero and retains the part that is greater than zero as the 

original value. This feature can introduce non-linearity while avoiding gradient 

vanishing problems, and is therefore widely used in deep learning. It has high 

computational efficiency and can significantly accelerate the convergence speed of 

the network, but it may lead to the "Grim Reaper" problem, where the gradient of 

some neurons is always zero and cannot be updated.The specific calculation formula 

and curve graph are as follows, 
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𝑅𝑒𝐿𝑈(𝑥) = max(0, x).                     (2.53) 

 

Figure 6 ReLU activation function curve graph 
 

2.4.7.2 Sigmoid activation function 

Sigmoid compresses input values between 0 and 1, making it suitable for tasks 

that represent probabilities, especially in binary classification problems[63]. Its output 

is a smooth "S" - shaped curve that can compress larger input values to near 1 and 

smaller input values to near 0. However, due to its gradient tending towards zero at 

extreme values, it can easily lead to the problem of gradient vanishing. In addition, 

Sigmoid's index calculation is relatively complex, which may increase training 

costs.The specific calculation formula and curve graph are as follows. 

𝜎(𝑥) =
1

1+e−x .                                                   (2.54) 

 

Figure 7 Sigmoid activation function curve graph 
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2.4.7.3 Tanh activation function 

Tanh maps input values between -1 and 1, which is an enhanced version of 

Sigmoid with symmetry and is more suitable for handling zero mean data[59]. Its 

output range is wider and it can capture more nonlinear features. However, Tanh still 

faces the problem of gradient vanishing when the input values are large or small, and 

the computational complexity is high. Nevertheless, it performs excellently in deep 

learning tasks that require symmetric outputs.The specific calculation formula and 

curve graph are as follows, 

𝑇𝑎𝑛ℎ(𝑥) = 2𝜎(𝑥) − 1 =
ex+e−x

ex+e−x .                                   (2.55) 

 

Figure 8 Tanh activation function curve graph 
 

2.4.7.4 ReLU_Tanh activation function 

The ReLU_Tanh activation function can rely on ReLU to accelerate training and 

feature extraction in positive regions, and use Leaky ReLU to ensure gradient flow in 

negative regions, thereby avoiding dead neuron problems. At the same time, Tanh 

maintains smoothness and output centralization, avoiding gradient explosion and 

improving the convergence and stability of the model. Ultimately, it can effectively 

improve the learning ability of neural networks when processing complex data, 

especially in deep networks, helping neurons better participate in the training process 

and avoid training stagnation or overfitting.The specific calculation formula and curve 

graph are as follows, 

𝑅𝑒𝐿𝑈_𝑇𝑎𝑛ℎ(𝑥) = x ∗ ReLU(x, α = 0.01) ∗ 𝑇𝑎𝑛ℎ(𝑥) 
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= {
𝑥2 ∗

ex+e−x

ex+e−x                    𝑖𝑓 𝑥 ≥ 0

0.01𝑥2 ∗
ex+e−x

ex+e−x              𝑖𝑓 𝑥 < 0 
 .                    (2.56) 

 

Figure 9 ReLU_Tanh activation function curve graph 
 

2.4.7.5 ReLU_Sig activation function 

The ReLU_Sig activation function integrates the advantages of the Rectified 

Linear Unit (ReLU) and Sigmoid functions, along with an additional scaling factor x. 

ReLU facilitates rapid feature extraction in the positive region, while Leaky_ReLU 

addresses the "dead neuron" issue by maintaining a small gradient flow in the 

negative region. The Sigmoid component ensures smooth and normalized outputs 

within the range [0,1], enhancing non-linear transformation. The inclusion of the 

scaling factor xxx further improves gradient flow and feature representation, making 

the function particularly effective for handling complex data in deep networks by 

preventing training stagnation and enhancing overall efficiency.The specific 

calculation formula and curve graph are as follows, 

𝑅𝑒𝐿𝑈_𝑆𝑖𝑔(𝑥) = 𝑥 ∗ 𝑅𝑒𝐿𝑈(𝑥, 𝛼 = 0.01) ∗ 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) 

            = {

𝑥2

1+𝑒−𝑥              𝑖𝑓 𝑥 ≥ 0

0.01𝑥2

1+𝑒−𝑥               𝑖𝑓 𝑥 < 0 
 .                                         (2.57) 
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Figure 10 ReLU_Sig activation function curve graph 
 

2.4.7.6 Tanh_Sig activation function 

The Tanh_Sig activation function integrates the benefits of the hyperbolic 

tangent (tanh) and sigmoid functions, enhanced by a scaling factor xxx. The smooth 

and centralized characteristics of tanh(x) help mitigate gradient explosion and 

accelerate convergence, while sigmoid(x) adds non-linearity and normalizes outputs 

to the [0,1] range. The scaling factor xxx further promotes efficient gradient flow, 

allowing neurons to contribute more effectively during training. This synergistic 

design improves the neural network's ability to learn complex patterns, making it 

highly suitable for deep networks by reducing the risks of stagnation and overfitting. 

The specific calculation formula and curve graph are as follows, 

𝑇𝑎𝑛ℎ_𝑆𝑖𝑔(𝑥) = 𝑥 ∗ 𝑇𝑎𝑛ℎ(𝑥) ∗ 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) 

=
𝑒𝑥+𝑒−𝑥

𝑒𝑥+𝑒−𝑥 ∗
𝑥

1+𝑒−𝑥                                                    (2.58) 

 

Figure 11 ReLU_Sig activation function curve graph 
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2.4.8 Hyperband algorithm 

The Hyperband algorithm, proposed by Lisha Li and Kevin Jamieson in 2016, 

eliminated the underperforming hyperparameter configurations in each round by 

combining the Successive Halving algorithm in the multi-armed bandit strategy and 

efficiently selects the best-performing hyperparameter configurations from the final 

configuration to optimize the model training process. 

(1) Initialization parameters: Set the resource budget R (the total number of 

training rounds), set the bandwidth factor η (a parameter controlling the elimination 

speed of hyper-parameter configurations, the default is 3), and set the initial amount 

of resources r0 (the amount of resources used by each configuration in the initial 

evaluation). 

(2) Calculate maximum rounds:𝑠𝑚𝑎𝑥 is the maximum number of rounds that can 

be performed with the current resource budget R and initial resource amount r0. 

smax = ⌊logη(
R

r0
)⌋,                                                      (2.59) 

where⌊ ⌋ stands for the downward rounding sign. 

(3)Perform multiple rounds of hyperparameter configuration and elimination 

process: Multiple rounds are performed from s=0 to s=𝑠𝑚𝑎𝑥. 

For each rounds, the number of configurations and the amount of resources are 

initialized, and n hyperparameter configurations are generated, each of which receives 

a training resource amount r at the beginning. 

n = ⌈
R

r0(s+1)η
s⌉,                                        (2.60) 

r = r0 ∙ η
s
.                                         (2.61) 

In each rounds, obtain the number of hyperparameter configurations ni and the 

amount of resources ri used for each configuration in the ith subphase (from 0 to s). 

ni = ⌈
n

η
i⌉,                                             (2.62) 

r = r0 ∙ η
i
.                                            (2.63) 

Allocate resources: Allocate resources evenly to all hyperparameter 

configurations and perform initial training. 
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Eliminate configurations: According to the Successive Halving algorithm, 

eliminate the underperforming configurations and concentrate the resources on the 

best-performing configurations, at which point the elimination ratio is 1 −
1

𝜂
, the best-

performing 
1

𝜂
 configurations are retained. 

(3)Selection of the optimal configuration: At the end of all rounds, the best 

performing hyperparameter configuration is selected from the final configuration. 
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Figure 12 Hyperband Algorithm Optimization Framework Diagram 

2.4.9 Evaluation methods for binary classification models 

In binary classification tasks, a confusion matrix and multiple evaluation metrics 

derived from the confusion matrix (accuracy, precision, recall, F1 value, ROC curve, 

and AUC) are commonly used to evaluate the performance of machine learning 

classification models. 
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2.4.9.1 Confusion Matrix 

The confusion matrix is the foundation of various evaluation indicators for 

machine learning classification models. The confusion matrix for binary classification 

models is shown in Table 1. The letters T and F represent correct and incorrect 

predictions, respectively, while the letters P and N represent positive and negative 

predictions. Therefore, the total number of samples is equal to the sum of TN, FP, FN, 

and TP. When TN (true and negative examples) and TP (true and negative examples) 

are larger, FP (false positive examples) and FN (false negative examples) are smaller, 

the classification ability of the model is stronger. 

Table 1 Binary Chaos Matrix 

Prediction category 
Real category 

1（True） 0（False） 

1（True） TP FP 

0（False） FN TN 

Among them, True Positive (TP): positive category samples are correctly 

predicted as positive categories; True Negative (TN): Negative category samples are 

correctly predicted as negative categories; False Positive (FP): Negative category 

samples are incorrectly predicted as positive categories; False Negative (FN): Positive 

category samples are incorrectly predicted as negative categories. 

2.4.9.2 Accuracy, precision, recall, F1 value 

(1) Accuracy 

Accuracy is a key evaluation indicator in classification problems, which 

measures the overall accuracy of the model's classification and represents the 

proportion of correct predictions made by the model across all samples. Accuracy 

considers the prediction of positive and negative categories, including correctly 

predicting samples that were originally negative as negative examples and correctly 

predicting samples that were originally positive as positive examples. High accuracy 

means that the overall classification performance of the model is good, but in the 

presence of data imbalance, accuracy may not be an effective evaluation indicator. 

Accuracy =
TN+TP

TN+FP+FN+TP
 .                                          (2.64) 
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(2) Precision 

Precision is an important indicator for measuring the accuracy of a model in 

predicting positive samples in classification problems. Precision focuses on positive 

examples that have a relatively small proportion in the sample and poor performance. 

Specifically, it represents how many samples predicted as positive by the model are 

correctly predicted, that is, samples that were originally positive are actually predicted 

as positive. The higher the precision, the stronger the model's classification ability for 

positive samples. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝐹𝑃+𝑇𝑃
 .                                                          (2.65) 

(3) Recall 

Recall is an important indicator for evaluating the model's ability to recognize 

positive samples in classification tasks. In practical applications, compared to 

negative examples, we are more concerned about the situation of positive examples. 

For example, in financial risk scenarios, we do not want to miss any financial crisis 

company (positive example), because misclassifying a financial crisis company as a 

normal operating company (negative example) may lead to greater losses. Therefore, 

the recall rate represents how many samples were successfully predicted by the model 

as positive cases among all the samples that were originally positive. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝐹𝑁+𝑇𝑃
 .                                                         (2.66) 

(4) F1 score 

F1 score is the harmonic average of precision and recall, taking into account the 

predictive accuracy and coverage of the model in positive samples. The range of F1 

values is between 0 and 1, and the closer it is to 1, the better the model performance. 

When the model reaches a balance between accuracy and recall, the F1 value reaches 

its maximum. Therefore, the superiority of F1 value lies in its ability to 

comprehensively evaluate the classification performance of the model under a single 

indicator. 

𝐹1 𝑣𝑎𝑙𝑢𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 .                                               (2.67) 

2.4.9.3 ROC curve and AUC 

The Receiver Operating Characteristic Curve (ROC) is a graphical tool used to 

evaluate the performance of binary classification models. It shows the performance of 
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the model under different classification thresholds, with True Positive Rate (recall 

rate) as the vertical axis and False Positive Rate as the horizontal axis. In the ROC 

curve, the closer the graph is to the upper left corner, the better the model 

performance. The working principle is to help select a threshold that balances 

sensitivity and specificity, which helps optimize the classification performance of the 

model. 

                      FPR =
FP

FP+TN
 ，                                                 (2.68) 

              TPR =
TP

FN+TP
 .                                                (2.69)  

AUC (Area Under the Curve) is the area under the ROC curve used to quantify 

the overall performance of a model at different thresholds. The calculation of AUC 

value involves the trapezoidal area of each point under the ROC curve. The AUC 

value range is between 0 and 1, where 0.5 represents model performance equivalent to 

random guessing, and 1 represents model perfect prediction. AUC provides a single 

value for comparing the overall performance of different models, and a high AUC 

value typically indicates that the model can balance recall and false positives under 

various classification thresholds. 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅−11

0
(𝑡))𝑑𝑡 .                                            (2.70) 

2.4.9.4 Cross validation evaluation model 

Cross Validation is a statistical method used to evaluate the performance of 

machine learning models. Its concept was first proposed by statisticians in the 1970s 

to reduce the risk of models performing too well on training data, known as 

overfitting. Stone proposed the idea of cross validation in 1974, and Geisser 

introduced the "Leave One Out Cross Validation" (LOO-CV) method in 1975, which 

is a special form of cross validation. 

(1) Dataset partitioning: Divide the original dataset into k equally sized subsets 

(usually k=5 or k=10, known as 5-fold or 10 fold cross validation). 

(2) Model training and validation: Each iteration selects one subset as the 

validation set (test set), and the remaining k-1 subsets as the training set. Train the 

model on the training set, then test the model on the validation set and record the 

validation error. 

(3) Repeat k times: Repeat the above process k times, selecting a different subset 
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as the validation set each time. 

(4) Calculate average error: Calculate the average validation error of all k 

iterations as an evaluation metric for model performance. 

The specific formula is as follows, 

Given dataset D, divide it into k subsets D1, D2,...,Dk. 

Let 𝐸𝑖 represent the validation error of the i-th iteration, and the average error of 

cross validation is: 

ECV =
1

k
∑ Ei

k
i=1  .                                                         (2.71) 
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Chapter 3 

Methodology 

This chapter introduces research scope, step of the methodology, and work flow 

chart. 

3.1 Research Scope 

The scope of this research is to investigate whether Chinese listed companies 

will experience financial crises and how to provide early warning. This section will 

focus on introducing the data used and the variables selected. 

3.1.1 Data 

The focal population for this study encompasses the 5052 companies listed on 

the Shanghai and Shenzhen stock exchanges. In line with the prevalent criteria 

adopted by a majority of Chinese scholars, this study utilizes the special treatment 

status (inclusive of ST classification) assigned to listed companies due to irregular 

financial circumstances as a marker of financial distress, special treatment was 

implemented due to abnormal financial conditions (such as continuous losses in the 

past two years) as the sample data of ST companies. Consequently, the research 

meticulously identifies and selects financially distressed companies adhering to this 

principle as prime subjects for ST analysis. 

In pursuit of this, the research aims to concentrate on ST companies that first 

encountered special treatment during the period of 2017-2024, positioning them as the 

primary subjects for ST sample analysis. will identify companies marked as ST as 

financial risk companies, and other companies not marked as ST as normal operating 

companies.  

135 ST companies and 755 non-ST companies are selected, and the financial 

indicator data for 12 quarters of 3 years are extracted for each company, so there are 

1630 time series points for ST companies and 9060 time series points for non-ST 

companies. The criteria for selecting the non-ST companies mandates a parallel in 

terms of asset volume, industry sector, and scale, akin to their ST counterparts, within 

the same fiscal year.The year marked as ST is recorded as year T, and the previous 

year of ST is recorded as year T-1. In order to predict the financial difficulties in 

advance in the normal operation of the company, this paper selects the quarterly 
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financial index data from year T-3 to year T-5 as the sample characteristic data for 

prediction analysis. 

Table 2 Sample distribution table 

Company Type Number of company samples Number of Time Series Data Points 

ST 135 1620 

Non-ST 755 9060 

Total 890 10680 

 

3.1.1 Varaiables 

Based on the actual situation of listed agricultural companies in China and the 

new policy guidelines, 34 indicators have been set up as a warning indicator system 

from the aspects of debt service ratios, ratio structure, operating capacity, earnings 

capacity, cash flow ratios, development capability and per share metrics. 

Table 3 Financial risk warning indicator system 

Financial indicators Indicator name 

Debt service capacity 
Current ratio、quick ratio、cash ratio、working capital、debt to asset 

ratio、equity ratio、multiplier equity ratio 

Ratio structure 

Current assets ratio、cash assets ratio、working capital ratio、non 

current assets ratio、current liabilities ratio、fixed assets ratio、
operating profit margin 

Operating capacity 

Accounts receivable turnover、inventory turnover、accounts payable 

turnover、current asset turnover、fixed asset turnover、total asset 

turnover 

Earnings capacity 

Return on assets、net profit margin on total assets 、net profit margin 

on current assets、net profit margin on fixed assets、return on equity、
operating profit rate 

Cash flow capacity Operating index 

Development capability 

Capital preservation and appreciation rate、fixed asset growth rate、

revenue growth rate、sustainable growth rate、owners' equity growth 

rate 

Per share metrics Earnings per share、earnings before interest and taxes per share 

3.2 Step of The Methodology 

This research will use Python to preprocess data, screen indicators, construct 

models, optimize models, etc., in order to obtain a high-performance financial risk 

warning model. 
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3.2.1 Data collection and preprocessing 

This study aims to collect and preprocess data on financial and non-financial 

indicators of listed companies. 

3.2.1.1 Data collection 

Determine the data source from the CSMAR database and obtain financial and 

non- financial indicator data through API calls. 

The selection of ST companies is primarily based on the special labeling (ST) by 

stock exchanges for listed companies with abnormal operating conditions. The 

companies initially marked as ST are chosen as samples for financial risk (ST) 

companies. The selection of normally operating companies involves resampling from 

companies that have not been labeled as ST, aiming for a 2:1 ratio to obtain samples 

of normally operating companies. During the resampling process, matching is 

conducted based on certain features such as industry, size, and profitability to ensure 

that the distributions of these features are similar between ST and nomal companies. 

3.2.1.2 Data preprocessing 

Preliminary data exploration, including data overview and descriptive statistics, 

in order to understand the basic characteristics of the data. In the data cleaning stage, 

handle missing and abnormal values, remove duplicates, and ensure data quality. 

Subsequently, data conversion is carried out, including variable standardization, 

encoding, etc. Finally, store the cleaned and transformed data as a new file for data 

quality validation, ensuring compliance with business rules and logic, and providing a 

high-quality data foundation for subsequent analysis and modeling. 

(1) Sliding window  

In this article, a total of 135 ST companies and 755 non-ST companies were 

selected, with financial indicator data extracted for 12 quarters over 3 years for each 

company. This resulted in 1,630 time series points for ST companies and 9,060 time 

series points for non-ST companies. Using the sliding window technique, feature 

windows and corresponding labels can be generated for subsequent analysis and 

model training. As shown in Figure 13 as an example of a sliding feature window of 

6, windows are slid over the time series data to create overlapping windows. Each 

window contains six consecutive data points, and for each feature window, a label 

was assigned from the subsequent time step T, i.e., whether it was an ST company, 
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which can effectively utilize the time series data to generate more training samples 

and improve the generalization ability of the model.  

a 6-step feature window

a 6-step feature window

a 6-step feature window

a 6-step feature window

a 6-step feature window

a 6-step feature window

a 6-step feature window

 
Figure 13 Window sliding diagram 

 

    (2) Smote oversampling 

The training set data was augmented using the Synthetic Minority Over-sampling 

Technique (Smote) method.Smote increases the number of minority samples by 

generating new synthetic samples around the minority class samples for the purpose 

of data balancing. 

3.2.2 Financial indicator selection 

The feature engineering of financial indicators is aimed at extracting the most 

informative features for subsequent modeling purposes. Using traditional indicator 

screening methods such as principal component analysis (PCA), as well as machine 

learning indicator screening methods such as random forest methods. 

3.2.2.1 Traditional indicator selection methods 

(1) PCA: Fit the PCA method to obtain the principal components, view the 

variance interpretation ratio of each principal component, and select the principal 

components whose cumulative interpretation ratio meets the predetermined threshold 

of 95%. 

3.2.2.2 Machine learning indicator selection methods 

(2) Random forest feature selection: Using the feature importance index of the 

random forest, evaluate the impact of each financial indicator on the target variable, 

and select financial indicators with importance higher than the threshold. 
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3.2.3 Establishing Single Machine Learning Models 

Establishing a single machine learning model involves multiple steps, including 

data preparation, model selection, training, evaluation, etc. 

(1) To build and train models like Logistic Regression, Decision Tree, and SVM, 

use Scikit-learn for straightforward implementation. Logistic Regression models the 

relationship between features and outcomes, Decision Trees split data based on 

feature values, and SVM find the optimal hyperplane for classification. For neural 

networks, use Keras or TensorFlow to design and train models using the 

backpropagation algorithm. Evaluate model performance with metrics such as 

accuracy, precision, recall, and F1-score. Optimize by tuning hyperparameters like 

regularization in Logistic Regression, tree depth in Decision Trees, kernel type in 

SVMs, and learning rate or layer configuration in neural networks. Use grid search or 

other optimization methods to fine-tune the models for the best performance. 

(2) To build and train CNN, BiLSTM, and Attention models using TensorFlow, 

you start by constructing the models. For the CNN, use convolutional layers to extract 

spatial features, followed by pooling layers for dimensionality reduction, and fully 

connected layers for classification. The BiLSTM captures bidirectional temporal 

dependencies, while dropout layers prevent overfitting. The attention mechanism is 

integrated to focus on key parts of the input sequence, enhancing feature 

prioritization. During training, use cross-entropy as the loss function and the Adam 

optimizer to adapt the learning rate for faster convergence. Monitor accuracy and loss 

to assess model performance. Hyperparameters such as learning rate, number of 

hidden units, and convolution kernel size should be adjusted to optimize the model, 

while dropout rates are modified to balance overfitting and generalization. After 

training, evaluate the model using metrics like accuracy, precision, and recall on a test 

set. Finally, hyperparameter optimization techniques like grid search can be used to 

fine-tune the model further, ensuring it achieves the best possible predictive 

performance. 

3.2.4 Establishing ensemble learning models 

Establishing ensemble learning models includes Bagging algorithm (Random 

Forest Model), Boosting algorithm (XGBoost Model), and Stacking algorithm 

(Layered Model). This article will combine the aforementioned single machine 
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learning model as a base classifier to establish an ensemble learning model, such as 

logistic regression, decision tree, SVM, BP neural network, etc. 

(1) Establish a random forest model for the Bagging algorithm by scikit-learn 

library, adjust hyperparameters such as the number of trees and the maximum depth of 

each tree, and evaluate and optimize the model through indicators such as accuracy, 

precision, and recall. 

(2) Establish an XGBoost model for the Boosting algorithm by xgboost library, 

adjust hyperparameters, such as learning rate and number of trees, and evaluate and 

optimize the model through indicators such as accuracy, precision, and recall. 

(3) Establish a layered model for the Stacking algorithm, select base classifiers 

such as decision trees, SVM, etc., use the output of the base classifier as input, and 

choose logistic regression as the meta model. Combining methods such as random 

search, Bayesian optimization, or grid search to find faster hyperparameter 

combination search strategies, evaluating and optimizing the model through indicators 

such as accuracy, precision, and recall. 

(4) Establish a layered model for the Stacking algorithm, select base classifiers 

such as decision trees, SVM, etc., use the output of the base classifier as input, and 

choose logistic regression as the meta model. Combining methods such as random 

search, Bayesian optimization, or grid search to find faster hyperparameter 

combination search strategies, evaluating and optimizing the model through indicators 

such as accuracy, precision, and recall. 

(5) Establish a CNN-AT model, by constructing a Convolutional Neural Network 

(CNN) to extract spatial features from the input data. After the CNN layers, integrate 

an Attention mechanism (AT) to focus on the most relevant parts of the extracted 

features. The output of the Attention layer is then passed through fully connected 

layers to produce the final classification. Hyperparameter tuning, such as adjusting the 

convolution kernel size, number of filters, and attention layer parameters, can be 

performed using techniques like random search, Bayesian optimization, or grid 

search. The model is evaluated and optimized using metrics such as accuracy, 

precision, and recall. 

(6) Establish a BiLSTM-AT model,constructing a Bidirectional Long Short-Term 

Memory (BiLSTM) network to capture temporal dependencies in the input sequences. 
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After the BiLSTM layers, add an Attention mechanism to allow the model to focus on 

important time steps in the sequence. The Attention layer output is then connected to 

fully connected layers for final prediction. Hyperparameter tuning, including the 

number of LSTM units, learning rate, and attention layer settings, can be optimized 

using hyperband. The model's performance is evaluated using accuracy, precision, and 

recall. 

(7) Establish a CNN-BiLSTM model, starting with a CNN to extract spatial 

features, followed by a BiLSTM layer to capture temporal dependencies from the 

CNN output. The combination of CNN and BiLSTM layers allows the model to learn 

both spatial and sequential patterns. After the BiLSTM layer, fully connected layers 

are used for classification. Hyperparameters such as the number of CNN filters, 

LSTM units, and learning rate can be optimized using hyperband optimization, or grid 

search. The model is evaluated based on accuracy, precision, and recall. 

(8) Establish a CNN-BiLSTM-AT model, constructing a model by first using a 

CNN to extract spatial features, followed by a BiLSTM layer to capture temporal 

dependencies. After the BiLSTM layer, integrate an Attention mechanism to focus on 

important parts of the sequence. The output from the Attention layer is passed through 

fully connected layers for classification. This model combines the strengths of CNN, 

BiLSTM, and Attention to effectively capture spatial, temporal, and contextual 

information. Hyperparameter tuning for CNN, BiLSTM, and Attention layers can be 

done using hyperband optimization. The model is optimized and evaluated using 

accuracy, precision, and recall as key performance metrics. 

3.2.5 Establishing an innovative optimization learning model 

Establish a CNN-BiLSTM-AT model with optimized activation functions and 

perform a comparative analysis using various activation functions, including ReLU, 

Tanh, Sigmoid, and the newly designed ReLU_Tanh function. This optimization 

significantly improves the model's prediction accuracy and stability. 

Based on the performance indicators of each model, taking into account both 

prediction accuracy and generalization ability, select the optimal model. 
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Figure 14 Step of The Methodology 
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3.3 Work Flow Chart 

The main work flow chart and general idea of this article are shown in figure 15. 
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Figure 15 Work Flow Chart 
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Chapter 4 

Results 

This chapter introduces simulation and results around three research 

objectives.The results section mainly includes indicator selection, model performance 

comparison and case application analysis. 

4.1 Simulation 

4.2.1 Indicator selection 

This article will compare PCA, random forest feature selection methods, and the 

impact of raw feature input on machine learning and deep learning models, and 

explore the key roles of different methods in model prediction. This article selected 

135 ST companies and 755 non-ST companies, each with financial indicator data for 

3 years and 12 quarters. Therefore, ST companies have 1630 sequential data points, 

while non-ST companies have 9060 sequential data points. This article conducted 

simulation experiments on these raw data with PCA, RF and raw feature. 

From Table 4, different feature extraction methods have varying impacts on the 

model. For example, ensemble learning models perform better in RF feature 

extraction. Therefore, this article will use PCA, RF, and raw feature input methods to 

identify key financial indicators and evaluate their impact on model predictions. 

Table 4 Model performance of different feature extraction methods 

Model 
Feature extraction Raw 

feature PCA RF 

Machine 

learning 

model 

Single 

model 

Logistic Regression 0.775  0.809  0.865  

SVM 0.764  0.798  0.854  

Decision Tree 0.719  0.798  0.854  

ANN 0.865  0.888  0.865  

Ensemble  

model 

Random Forest 0.820  0.854  0.899  

XGBoost 0.854  0.899  0.910  

Stacking 0.865  0.910  0.888  

Deep 

learning 

model 

Single 

model 

CNN 0.832  0.843  0.876  

BiLSTM 0.865  0.820  0.854  

Attention 0.876  0.843  0.831  
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Model 
Feature extraction Raw 

feature PCA RF 

Deep 

learning 

model 

Ensemble  

model 

CNN-BiLSTM 0.809  0.843  0.843  

CNN-AT 0.787  0.832  0.820  

BiLSTM-AT 0.753  0.854  0.820  

CNN-BiLSTM-AT 0.854  0.820  0.798  

 

In the feature selection simulation, this study defined the target variable as 

whether a company is an ST company, assigning a value of 1 to ST companies and 0 

to non-ST companies. The data was standardized, and principal components were 

selected based on a cumulative contribution rate of 95%. Features with a correlation 

higher than 0.5 with the principal components were extracted, and the Pearson 

correlation coefficient was used to assess the relationship between these key features 

and the target variable. The analysis showed that when current liabilities ratio, total 

asset turnover, and revenue growth rate are higher, the company is more likely to be 

an ST company. For ST companies, a higher current liabilities ratio indicates a greater 

short-term debt burden, while higher total asset turnover and revenue growth rate 

might result from aggressive short-term strategies, such as high leverage financing 

and using asset turnover or low-profit sales to maintain short-term growth, reflecting 

the financial distress and survival tactics of these companies. On the other hand, when 

cash assets ratio and fixed assets ratio are higher, the company is more likely to be a 

non-ST company. Non-ST companies typically exhibit stronger cash reserves and 

higher long-term asset investments, indicating more stable financial conditions, with 

stronger debt repayment capacity and long-term viability. In conclusion, ST 

companies often rely on short-term financing, asset turnover, and revenue growth 

strategies to manage their financial difficulties, but these strategies do not represent 

long-term sustainability, whereas non-ST companies demonstrate more stable and 

healthy financial structures. 
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Figure 16 Correlation between important indicators extracted by PCA and results 

 

During the feature selection process, Random Forest was used to identify key 

features, retaining those that contributed to 95% of the cumulative importance. The 

top 15 most important original features were then extracted, and their correlation with 

the target variable was analyzed using the Pearson correlation coefficient. The results 

indicate that a higher working capital and current liabilities ratio are more likely 

associated with ST companies, while a higher fixed assets ratio, cash asset ratio, 

inventory turnover, and accounts payable turnover are more indicative of non-ST 

companies. The analysis revealed that when working capital and current liabilities 

ratio are higher, the company is more likely to be an ST company. A higher working 

capital suggests that ST companies may struggle with liquidity management, relying 

on short-term financing to sustain operations. Meanwhile, an elevated current 

liabilities ratio indicates a heavier short-term debt burden, reflecting financial distress 

and an increased risk of default. On the other hand, when fixed assets ratio, cash asset 

ratio, inventory turnover, and accounts payable turnover are higher, the company is 
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more likely to be a non-ST company. A higher fixed assets ratio suggests greater long-

term investments, indicating financial stability and a focus on sustainable growth. A 

higher cash asset ratio reflects stronger liquidity reserves, enabling non-ST companies 

to meet short-term obligations with greater ease. Additionally, higher inventory 

turnover and accounts payable turnover indicate efficient operational management and 

strong supplier relationships, contributing to a healthier financial structure.In 

conclusion, ST companies often rely on short-term financing and struggle with debt 

management, increasing their financial risk. In contrast, non-ST companies 

demonstrate stronger financial resilience, characterized by stable asset investments, 

higher liquidity, and efficient operational processes, ensuring long-term financial 

sustainability. 

 

Figure 17 Correlation between important indicators extracted by Random Forest 

and results  

4.2.2 Model performance comparison 

This article will compare the advantages and disadvantages of traditional 

machine learning models, deep learning models, and ensemble learning models in 

financial risk warning. For the same set of data, what ratio should be used to divide 

the training and testing sets for optimal model performance? We will conduct 
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simulation experiments, using ratios of 9:1, 8:2, and 7:3 to divide the training and 

testing sets respectively. 

This article conducted simulation experiments on these raw data, and found that 

when the division ratio was 9:1, the accuracy of each model was the highest. 

Table 5 Accuracy of models (Non-smote) at different divide proportion 
Model(Non-smote) Accuracy 

Ratio 9:1 Ratio 8:2 Ratio 7:3 

Machine 

learning 

model 

Single 

model 

Logistic Regression 0.865  0.865  0.843  

SVM 0.854  0.848  0.824  

Decision Tree 0.854  0.798  0.775  

ANN 0.865  0.837  0.820  

Ensemble  

model 

Random Forest 0.899  0.854  0.843  

XGBoost 0.910  0.848  0.839  

Stacking 0.888  0.854  0.843  

Deep 

learning 

model 

Single 

model 

CNN 0.876  0.826  0.809  

BiLSTM 0.854  0.781  0.809  

Attention 0.831  0.781  0.790  

 

Ensemble  

model 

CNN-BiLSTM 0.843  0.831  0.846  

CNN-AT 0.820  0.809  0.824  

BiLSTM-AT 0.820  0.815  0.805  

CNN-BiLSTM-AT 0.798  0.787  0.816  

 

Due to the sample size ratio of 1:5.6 between ST and non ST companies, there is 

a significant difference in sample size between the two categories. Therefore, Smote 

is used in this article to balance the sample size. After Smote operation on the raw 

data, this article applies different types of models in a ratio of 9:1, 8:2, and 7:3 for 

simulation experiments. The experiment found that the accuracy of each model is 

highest when the dataset partition ratio is 9:1. 
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Table 6 Accuracy of models (Smote) at different divide proportion 
Model(Smote) Accuracy 

Ratio 9:1 Ratio 8:2 Ratio 7:3 

Machine 

learning 

model 

Single model 

Logistic Regression 0.809  0.792  0.764  

SVM 0.831  0.775  0.749  

Decision Tree 0.809  0.753  0.779  

ANN 0.888  0.831  0.813  

Ensemble  

model 

Random Forest 0.854  0.798  0.794  

XGBoost 0.888  0.837  0.820  

Stacking 0.899  0.837  0.824  

Deep 

learning 

model 

Single model 

CNN 0.854  0.809  0.805  

BiLSTM 0.820  0.792  0.813  

Attention 0.876  0.775  0.779  

 

Ensemble  

model 

CNN-BiLSTM 0.820  0.803  0.798  

CNN-AT 0.831  0.815  0.813  

BiLSTM-AT 0.820  0.787  0.801  

CNN-BiLSTM-AT 0.831  0.831  0.794  

 

Therefore, based on the above simulation experiments, this article will use a 9:1 

ratio to divide the training set and test set to establish and evaluate the model. 

Since neural network models need to set epoch and batch parameters, differences 

in model performance can be observed by setting different epoch and batch 

parameters when simulation experiments are conducted for network models (Non-

smote) such as ANN, CNN, BiLSTM, and Attention. The experimental results show 

that different batch sizes at epoch=100 do not affect the performance of the models, 

and except for the BiLSTM model, the accuracy of the other models at epoch=180 

and batch=32 is higher than or equal to the accuracy at epoch=180 and batch=64. 

Table 7 Accuracy of models (Non-smote) at different epochs and batches 

Model(Non-smote) 
epoch=100 epoch=180 

batch=32 batch=64 batch=32 batch=64 

ANN 0.865  0.865  0.865  0.865  

CNN 0.876  0.876  0.888  0.843  

BiLSTM 0.854  0.854  0.854  0.865  

Attention 0.831  0.831  0.831  0.820  

CNN-BiLSTM 0.843  0.843  0.843  0.809  

CNN-AT 0.820  0.820  0.820  0.809  

BiLSTM-AT 0.820  0.820  0.820  0.820  

CNN-BiLSTM-AT 0.798  0.798  0.865  0.831  
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When simulation experiments are conducted for each neural network model 

(Smote), differences in model performance can be observed by setting different epoch 

and batch parameters. The experimental results show that the different batch sizes at 

epoch=100 do not affect the performance of the models, and except for the Attention 

model, the accuracy of the other models at epoch=180 and batch=32 is higher than or 

equal to the accuracy at epoch=180 and batch=64. 

Table 8 Accuracy of models (Smote) at different epochs and batches 

Model(Smote) 
epoch=100 epoch=180 

batch=32 batch=64 batch=32 batch=64 

ANN 0.888  0.888  0.888  0.888  

CNN 0.854  0.854  0.876  0.865  

BiLSTM 0.820  0.820  0.843  0.787  

Attention 0.876  0.876  0.809  0.809  

CNN-BiLSTM 0.820  0.820  0.843  0.798  

CNN-AT 0.831  0.831  0.865  0.854  

BiLSTM-AT 0.820  0.820  0.865  0.820  

CNN-BiLSTM-AT 0.831  0.831  0.876  0.865  

 

Finally, this article selected a division ratio of 9:1 through simulation 

experiments, and set the epoch parameters for each neural network model to 180. At 

epoch=180, all models except BiLSTM achieved higher or equal accuracy with 

batch=32 compared to batch=64 on Non-Smote data. On Smote data, all models 

except the Attention model showed higher or equal accuracy with batch=32 compared 

to batch=64. 

4.2 Results 

4.2.1 Data preprocessing 

4.2.1.1 Sliding window 

The main purpose of sliding windows is to increase the sample size by creating 

different time steps. Each company has 12 quarters of financial indicator data, and 

w=12 in the table represents the use of data points from the original 12 consecutive 

quarters,that means there are a total of 890 companies, and according to the 

simulation, the dataset is divided into a 9:1 ratio, with 801 training sets and 89 testing 

sets. As the time step decreases (such as w=11, w=10, etc.), the sliding window 

creates multiple samples from different starting points, thereby increasing the total 

sample size of the dataset while maintaining partial time series information. The 
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specific distribution of data after window sliding can be seen in the table. 

Table 9 Distribution of sliding window samples 

time 

step 

Training data Testing data 

ST Non-ST Total ST Non-ST Total 

w=4 1082 6127 7209 133 668 801 

w=5 982 5426 6408 98 614 712 

w=6 866 4741 5607 79 544 623 

w=7 716 4090 4806 94 440 534 

w=8 619 3386 4005 56 389 445 

w=9 484 2720 3204 56 300 356 

w=10 365 2038 2403 40 277 317 

w=11 243 1359 1602 27 151 178 

w=12 127 674 801 8 81 89 

4.2.1.2 Smote oversampling 

For the purpose of data balancing,taking time step 6 (w=6) as an example, the 

number of samples of ST companies in the original training data was 716, and the 

number of samples of non-ST companies was 4090. Using the Smote method, new 

synthetic samples were generated to increase the number of samples of ST companies 

from 716 to 4090, which was equal to the number of samples of non-ST companies, 

and it can effectively increase the number of samples of the minority class (ST 

companies) and make the data more balanced and reduce the bias due to sample 

imbalance. 

Table 10 Data distribution of training set before and after Smote 
 

 
time 

step 

Training data Testing data 

ST Non-ST Total ST Non-ST Total 

w=4 6127 6127 12254 133 668 801 

w=5 5426 5426 10852 98 614 712 

w=6 4741 4741 9482 79 544 623 

w=7 4090 4090 8180 94 440 534 

w=8 3386 3386 6772 56 389 445 

w=9 2720 2720 5440 56 300 356 

w=10 2038 2038 4076 40 277 317 

w=11 1359 1359 2718 27 151 178 

w=12 674 674 1348 8 81 89 
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4.2.2 Indicator selection 

4.2.2.1 PCA indicator selection 

This article focuses on PCA feature extraction of data after sliding windows, and 

obtains 20 principal components based on a cumulative variance contribution rate of 

95%. Therefore, this article selects 20 principal component indicators to represent all 

indicators of company operations. Figure 18 shows a heatmap of the correlation 

coefficients between the extracted 20 principal components and the original 34 

indicators. Among them, indicators with high correlation coefficients (absolute 

value>0.5) include Working Capital, Cash Assets Ratio, Current Liabilities Ratio, 

Fixed Assets Ratio, Operating Profit Margin, Accounts Receivable Turnover, 

Inventory Turnover, Accounts Payable Turnover, Fixed Asset Turnover, Total Asset 

Turnover, Net Profit Margin on Fixed Assets, Operating Profit Rate, Operating Index, 

Capital Preservation and Appreciation Rate, Fixed Asset Growth Rate, Revenue 

Growth Rate, Owners' Equity Growth Rate. 

 
Figure 18 Correlation between principal components and original features 

 

In Figure 19, we analyze the box plot distributions of the top 9 indicators most 

correlated with the principal components, comparing ST companies and non-ST 

companies. The analysis highlights key financial differences between the two groups: 

(1) Operating Index (-0.93): The box plot shows a wider range of values for non-
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ST companies, with a higher median (0.54 vs. 0.38 for ST companies). The lower 

median and greater negative outliers in ST companies suggest poor operational 

performance and higher financial instability. 

(2) Revenue Growth Rate (0.86): The box plot shows that both groups have a 

narrow range, with the median for non-ST companies at 0.04 and for ST companies at 

0.03. The slight difference suggests weaker growth potential in ST companies, but 

with relatively low variability. 

(3) Accounts Payable Turnover (0.86): The box plot for non-ST companies is 

slightly higher, with a median of 2.44 compared to 2.10 for ST companies. The 

smaller spread in ST companies may indicate difficulty in managing short-term 

liabilities, leading to financial stress. 

(4) Cash Assets Ratio (-0.83): The box plot shows that ST companies have a 

lower median (0.09) compared to non-ST companies (0.12). The lower interquartile 

range (IQR) and higher presence of outliers in ST companies indicate weaker liquidity 

and cash reserves. 

(5) Operating Profit Rate (-0.80): The box plot distribution for both groups is 

relatively similar, but ST companies have a lower median (0.06 vs. 0.08 for non-ST 

companies). This suggests lower profitability and operational efficiency in ST firms. 

(6) Net Profit Margin on Fixed Assets (0.73): The box plot indicates that ST 

companies have a significantly lower median (0.09) compared to non-ST companies 

(0.13), with a narrower IQR. This highlights inefficient asset utilization and weaker 

profitability in ST firms. 

(7) Operating Profit Margin (-0.68): The box plots for both groups are nearly 

identical, with a median of 0.98 for non-ST and 0.99 for ST companies. This suggests 

that, while overall profitability margins are similar, ST companies may struggle in 

other financial areas. 

(8) Working Capital (-0.67): The box plot shows significant variation, with non-

ST companies having a much higher median (732,059,561.71 vs. 564,166,915.39 for 

ST companies). The wider spread in ST companies suggests greater financial 

instability and capital management issues. 

(9) Inventory Turnover (0.67): The box plot shows a slightly higher median for 

ST companies (1.86) compared to non-ST companies (1.73). However, the presence 
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of extreme outliers in ST companies suggests inventory fluctuations, which may 

indicate poor demand forecasting or liquidity issues. 

ST companies generally exhibit weaker financial performance across multiple 

indicators, particularly in liquidity (Cash Assets Ratio, Working Capital), profitability 

(Operating Profit Rate, Net Profit Margin on Fixed Assets), and operational efficiency 

(Operating Index). The box plot distributions further highlight the increased financial 

instability in ST companies, as evidenced by wider spreads, lower medians, and a 

higher presence of outliers. These factors may play a crucial role in determining why 

a company is classified as ST. 

 

Figure 19 Box Plot Comparison of Key Financial Indicators with PCA Between ST 

and Non-ST Companies 

 

4.2.2.2 Random forest indicator selection 

When using Random Forest for feature extraction, the model selects the most 

predictive feature for the target variable by evaluating the importance of each feature. 
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This article also sets a cumulative importance threshold of 95%, and the model retains 

the most critical features, reducing the number of features from 34 to 31. Among 

them, the top 10 indicators that contribute the most to the predictive performance of 

the model are fixed assets ratio, working capital, current liabilities ratio, inventory 

turnover, accounts receivable turnover, cash ratio, cash assets ratio and quick ratio. 

 
Figure 20 Random forest selection of the important indicators  

 

In Figure 21, we analyze the box plot distributions of the top 9 indicators ranked 

by importance in the Random Forest model, comparing ST companies and non-ST 

companies. This analysis highlights key financial differences between the two groups: 

(1) Fixed Assets Ratio: The box plot shows a lower median for ST companies 

(0.12) compared to non-ST companies (0.17), with a wider spread among non-ST 

firms. This suggests that ST companies invest less in fixed assets, possibly indicating 

financial instability or a lack of long-term capital investment. 

(2) Working Capital: The median for non-ST companies (732,059,561.71) is 

significantly higher than for ST companies (564,166,915.39). The wider distribution 

among ST companies indicates greater financial instability and inconsistent capital 

management, making them more vulnerable to liquidity risks. 

(3) Current Liabilities Ratio: Both groups have similar distributions, with a 
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median of 0.87 for ST companies and 0.89 for non-ST companies. The similar values 

suggest that ST firms carry a comparable level of short-term liabilities but may 

struggle more with repayment due to weaker liquidity. 

(4) Inventory Turnover: ST companies have a slightly higher median (1.86) than 

non-ST companies (1.73), but the presence of more extreme outliers in ST firms 

suggests erratic inventory management. This could indicate poor demand forecasting 

or pressure to sell inventory at lower margins. 

(5) Accounts Receivable Turnover: The box plot shows a lower median for ST 

companies (1.98) compared to non-ST companies (2.22), indicating slower collection 

of receivables. This suggests cash flow issues and potential difficulties in managing 

credit sales. 

(6) Cash Ratio: The median for ST companies (0.26) is significantly lower than 

for non-ST companies (0.41), with a narrower interquartile range (IQR) in ST firms. 

This highlights weaker cash reserves and a reduced ability to cover short-term 

obligations, increasing the risk of liquidity crises. 

(7) Cash Assets Ratio: The lower median for ST companies (0.09) compared to 

non-ST companies (0.12) suggests that ST firms maintain lower cash holdings. The 

increased presence of outliers in ST companies reflects financial distress and 

inconsistent cash management. 

(8) Quick Ratio: ST companies exhibit a lower median (1.18) compared to non-

ST companies (1.48), emphasizing their weaker short-term financial health. The 

narrower IQR in ST firms suggests that most of them face similar liquidity challenges. 

(9) Fixed Asset Growth Rate: Both groups show negative median values, with 

ST companies at -0.02 and non-ST companies at -0.01. The lower growth rate in ST 

firms suggests limited reinvestment in fixed assets, potentially reflecting financial 

constraints or business contraction. 

ST companies generally exhibit weaker financial performance across multiple 

dimensions, particularly in liquidity (Cash Ratio, Cash Assets Ratio, Quick Ratio, 

Working Capital), profitability and efficiency (Accounts Receivable Turnover, Fixed 

Assets Ratio, Fixed Asset Growth Rate), and operational stability (Inventory 

Turnover). The box plot distributions highlight the increased financial instability in 

ST companies, as evidenced by lower medians, wider spreads, and a greater presence 
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of extreme outliers. These financial weaknesses may contribute significantly to a 

company’s classification as ST. 

 

Figure 21 Box Plot Comparison of Key Financial Indicators with Random forest 

Between ST and Non-ST Companies 
 

4.2.3 Model performance comparison 

4.2.3.1 Traditional machine learning models 

4.2.3.1.1 Traditional single machine learning models 

1.Logistic regression model(LR) 

The logistic regression model is set up with a maximum of 500 iterations to 

ensure convergence and a random seed of 42 to guarantee reproducibility.  

 

Table 11 Parameter settings for LR 
Parameters Values 

max_iter 500 

random_state 42 
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Table 12 shows the performance of the logistic regression model at different time 

steps (w=4 to w=12), with or without smote, and using different feature selection 

methods (PCA and random forest).The overall performance is better when Smote is 

not used, especially when combined with PCA dimensionality reduction. The 

accuracy of the model is highest at longer time steps, reaching 0.910. In contrast, the 

performance of random forest feature extraction is slightly inferior to PCA, but still 

better than the scheme using Smote. 

(1) Smote: Smote was applied to the dataset and the overall performance was 

relatively low, with accuracy fluctuating between 0.693 and 0.809. The highest 

accuracy of 0.809 was achieved at a time step of w=12. 

(2) Non-Smote: Using only the raw data, the comparative Smote accuracy is 

significantly higher, ranging from 0.824 to 0.865. The highest accuracy (0.865) is 

achieved when the time steps are w=8 and w=12, indicating that the model performs 

best at these time steps without using Smote. 

(3) Non-Smote-PCA: Without the use of Smote, the model's accuracy 

performance improved slightly after PCA was applied to the raw data, ranging from 

0.831 to 0.910. The best performance was achieved at w=12 with an accuracy of 

0.910, this indicates that PCA has a positive impact on the performance of logistic 

regression at longer time steps. 

(4) Non-Smote-RF: Without using Smote and after applying Random Forest 

feature extraction, the model performs inferior to PCA, with accuracy fluctuating 

between 0.826 and 0.868. the highest accuracy of 0.868 is achieved at w=5. The 

overall performance is better than the Smote and Non-Smote schemes but not as good 

as the Non-Smote-PCA scheme. 

Table 12 Performance of logistic regression models under different conditions 
LR w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Smote 0.695 0.761 0.693 0.760 0.733 0.705 0.704 0.770 0.809 

Non-Smote 0.835 0.861 0.859 0.824 0.865 0.834 0.831 0.848 0.865 

Non-Smote-PCA 0.834 0.869 0.865 0.831 0.870 0.843 0.858 0.848 0.910 

Non-Smote-RF 0.831 0.868 0.851 0.826 0.863 0.834 0.843 0.837 0.854 

 

From Table 13, it can be seen that although the logistic regression model has the 

highest accuracy of 0.910 under Non-Somte-PCA and performs well in distinguishing 
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Non ST samples, its performance on ST samples is very weak. Only 50% of the 

predicted ST samples are correct, and only 12.5% of all actual ST samples are 

correctly identified. 

Table 13 Classification Report of Logistic Regression Models under Non-Smote-

PCA 
LR precision recall f1-score accuracy support 

Non-ST 0.92 0.988 0.952 
0.910 

81 

ST 0.5 0.125 0.2 8 

 

2.Support Vector Machine model (SVM) 

The support vector machine model is set up with a linear kernel to ensure 

simplicity and interpretability, with probability estimation enabled and a random seed 

of 42 to guarantee reproducibility.  

Table 14 Parameter settings for SVM 
Parameters Values 

kernel linear 

probability True 

random_state 42 

 

Table 15 shows the performance of the SVM model at different time steps (w=4 

to w=12), with or without smote, and using different feature selection methods (PCA 

and random forest). The overall performance is better when Smote is not used, 

especially when combined with PCA dimensionality reduction. The accuracy of the 

model is highest at longer time steps, reaching 0.875. In contrast, the performance of 

random forest feature extraction is slightly inferior to PCA, but still better than the 

scheme using Smote. 

(1) Smote: Smote was applied to the dataset and the overall performance was 

relatively low, with accuracy fluctuating between 0.695 and 0.831. The highest 

accuracy of 0.831 was achieved at a time step of w=12. 

(2) Non-Smote: Using only the raw data, the comparative Smote accuracy is 

significantly higher, ranging from 0.830 to 0.867. The highest accuracy (0.867) is 

achieved when the time step is w=8, indicating that the model performs best at these 

time steps without using Smote. 

(3) Non-Smote-PCA: Without the use of Smote, the model's accuracy 
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performance improved slightly after PCA was applied to the raw data, ranging from 

0.824 to 0.875. The best performance was achieved at w=6 with an accuracy of 0.875, 

this indicates that PCA has a positive impact on the performance of SVM at longer 

time steps. 

(4) Non-Smote-RF: Without using Smote and after applying Random Forest 

feature extraction, the model performs inferior to PCA, with accuracy fluctuating 

between 0.815 and 0.873. the highest accuracy of 0.873 is achieved at w=6. The 

overall performance is better than the Smote and Non-Smote schemes but not as good 

as the Non-Smote-PCA scheme. 

Table 15 Performance of SVM models under different conditions 
SVM w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Smote 0.702 0.757 0.695 0.747 0.73 0.719 0.685 0.787 0.831 

Non-Smote 0.834 0.862 0.865 0.83 0.867 0.843 0.835 0.837 0.854 

Non-Smote-PCA 0.834 0.862 0.875 0.824 0.872 0.84 0.85 0.854 0.843 

Non-Smote-RF 0.834 0.862 0.873 0.826 0.872 0.843 0.85 0.815 0.865 

 

From Table 16, it can be seen that although the SVM model has the highest 

accuracy of 0.875 under Non-Smote-PCA and performs well in distinguishing Non-

ST samples, its performance on ST samples is very weak. 66.7% of the predicted ST 

samples are correct, and only 2.5% of all actual ST samples are correctly identified. 

Table 16 Classification Report of SVM Models under Non-Smote-PCA 
SVM precision recall f1-score accuracy support 

Non-ST 0.876 0.998 0.933 
0.875 

544 

ST 0.667 0.025 0.049 79 

 

3.Decision Tree model (DT) 

The decision tree model is set up with the gini impurity criterion for splitting, the 

"best" splitter for selecting the best feature at each node, and a random seed of 42 to 

ensure consistent results during tree building.  

Table 17 Parameter settings for DT 
Parameters Values 

criterion gini 

splitter best 

random_state 42 
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Table 18 shows the performance of the DT model at different time steps (w=4 to 

w=12), with or without smote, and using different feature selection methods (PCA and 

random forest).The overall performance is better when Smote is not used, especially 

when combined with random forest indicator selection. The accuracy of the model is 

highest at longer time steps, reaching 0.899. In contrast, the performance of PCA is 

slightly inferior to random forest, but still better than the scheme using Smote. 

(1) Smote: Smote was applied to the dataset and the overall performance was 

relatively low, with accuracy fluctuating between 0.723 and 0.820. The highest 

accuracy of 0.820 was achieved at a time step of w=11. 

(2) Non-Smote: Using only the raw data, the comparative Smote accuracy is 

significantly higher, ranging from 0.778 to 0.879. The highest accuracy (0.879) is 

achieved when the time step is w=8, indicating that the model performs best at these 

time steps without using Smote. 

(3) Non-Smote-PCA: Without the use of Smote, the model's accuracy 

performance improved slightly after PCA was applied to the raw data, ranging from 

0.764 to 0.896. The best performance was achieved at w=5 with an accuracy of 0.896, 

this indicates that PCA has a positive impact on the performance of DT at longer time 

steps. 

(4) Non-Smote-RF: Without using Smote and after applying Random Forest 

feature extraction, the performance of this model exceeds that of PCA, with accuracy 

fluctuating between 0.781 and 0.899. the highest accuracy of 0.899 is achieved at 

w=12. The overall performance is better than other schemes. 

Table 18 Performance of Decision Tree models under different conditions 
Decision Tree w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Smote 0.765 0.788 0.796 0.79 0.76 0.781 0.723 0.82 0.809 

Non-Smote 0.834 0.827 0.854 0.854 0.879 0.778 0.839 0.809 0.854 

Non-Smote-PCA 0.819 0.896 0.835 0.822 0.874 0.803 0.801 0.764 0.798 

Non-Smote-RF 0.839 0.834 0.835 0.83 0.843 0.812 0.843 0.781 0.899 

 

From Table 19, it can be seen that although the decision tree model has the 

highest accuracy of 0.899 under Non-Smote-RF and performs well in distinguishing 

Non-ST samples, its performance on ST samples is very weak. Only 44.4% of the 
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predicted ST samples are correct, and 50% of all actual ST samples are correctly 

identified. 

Table 19 Classification Report of DT Model under Non-Smote-RF 

Decision Tree precision recall f1-score accuracy support 

Non-ST 0.95 0.938 0.944 

0.899 

81 

ST 0.444 0.5 0.471 8 

 

4.BP neural network model (BP) 

BP neural network is set up with two hidden layers containing 128 and 64 

neurons respectively, with a maximum of 300 iterations for training and a random 

seed of 42 to guarantee reproducibility. 

Table 20 Parameter settings for BP 
Parameters Values 

1st hidden_layer 128 

2nd hidden_layer 64 

max_iter 300 

 

Table 21 shows the performance of the BP neural network model at different 

time steps (w=4 to w=12), with or without smote, and using different feature selection 

methods (PCA and random forest).The overall performance is better when Smote is 

not used, especially when combined with PCA indicator selection. The Non-Smote-

PCA and Non-Smote-RF schemes perform the best at w=8, achieving accuracies of 

0.919 and 0.912, respectively.  

(1) Smote: Smote was applied to the dataset and the overall performance was 

relatively low, with accuracy fluctuating between 0.823 and 0.905. The highest 

accuracy of 0.905 was achieved at a time step of w=6. 

(2) Non-Smote: Using only the raw data, the comparative Smote accuracy is 

significantly higher, ranging from 0.837 to 0.908. The highest accuracy (0.908) is 

achieved when the time step is w=8, indicating that the model performs best at these 

time steps without using Smote. 

(3) Non-Smote-PCA: Without the use of Smote, the model's accuracy 

performance improved slightly after PCA was applied to the raw data, ranging from 



 

 

 
 77 

0.844 to 0.919. The best performance was achieved at w=8 with an accuracy of 0.919, 

this indicates that PCA has a positive impact on the performance of BP at longer time 

steps. 

(4) Non-Smote-RF: Without using Smote and after applying Random Forest 

feature extraction, the model performs inferior to PCA, with accuracy fluctuating 

between 0.868 and 0.912. the highest accuracy of 0.912 is achieved at w=8. The 

overall performance is better the Smote and Non-Smote schemes but not as good as 

the Non-Smote-PCA scheme. 

Table 21 Performance of BP models under different conditions 
BP w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Smote 0.895 0.889 0.905 0.873 0.901 0.823 0.85 0.86 0.888 

Non-Smote 0.894 0.9 0.902 0.878 0.908 0.837 0.861 0.865 0.865 

Non-Smote-PCA 0.895 0.844 0.9 0.878 0.919 0.851 0.869 0.871 0.854 

Non-Smote-RF 0.885 0.879 0.883 0.91 0.912 0.868 0.869 0.876 0.888 

 

From Table 22, it can be seen that although the BP neural network model has the 

highest accuracy of 0.919 under Non-Smote-PCA and performs well in distinguishing 

Non-ST samples, its performance on ST samples is weak.70% of the predicted ST 

samples are correct, and 65% of all actual ST samples are correctly identified. 

Table 22 Classification Report of BP Model under Non-Smote-PCA 

BP precision recall f1-score accuracy support 

Non-ST 0.947 0.961 0.954 

0.919 

389 

ST 0.700 0.625 0.660 56 

 

In summary, among the machine learning models used in this article, the BP 

model performs better than the logistic regression model, SVM model, and decision 

tree model, but its accuracy in predicting ST companies is still not high. 

4.2.3.1.2 Ensemble of traditional machine learning models 

1.Random forest model (RF) 

Random forest model is set up with 100 estimators (trees), using the Gini 

impurity criterion for splitting nodes, and a random seed of 42 to ensure 

reproducibility and consistent results across runs. 
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Table 23 Parameter settings for RF 
Parameters Values 

n_estimators 100 

criterion gini 

random_state 42 

 

Table 24 shows the performance of the random forest model at different time 

steps (w=4 to w=12), with the highest accuracy of 0.926 at w=8 and Smote-RF as the 

optimal configurations. 

(1) Non-Smote: uses only raw data and has relatively low overall performance, 

ranging from 0.820 to 0.899. The highest accuracy of 0.899 is achieved when the time 

step is w=8. 

(2) Non-Smote-PCA: After applying PCA to the raw data without using Smote, 

the accuracy of the model is not improved and remains at 0.899. 

(3) Non-Smote-RF: After not using Smote and applying Random Forest feature 

extraction, the model outperforms Non-Smote-PCA (0.921). overall performance is 

better than the Smote and Non-Smote schemes but not as good as the Smote-RF 

scheme. 

(4) Smote: The Smote algorithm is applied to the dataset and the overall 

performance is better than Non-Smote, with accuracy fluctuating between 0.854 and 

0.917. The highest accuracy of 0.917 is achieved at a time step of w=8. 

(5) Smote-PCA: After using Smote algorithm and applying PCA extraction to the 

dataset, the accuracy of the model is not improved and remains at 0.899. 

(6) Smote-RF: After using Smote and applying Random Forest feature 

extraction, the model performs (0.926) with the highest accuracy and outperforms the 

other schemes. 

Table 24 Performance of RF models under different conditions 
Random Forest w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Smote 0.9 0.904 0.91 0.899 0.917 0.899 0.876 0.876 0.854 

Smote-PCA 0.878 0.885 0.889 0.886 0.899 0.879 0.869 0.843 0.82 

Smote-RF 0.903 0.913 0.913 0.895 0.926 0.89 0.88 0.893 0.854 

Non-Smote 0.869 0.897 0.91 0.865 0.899 0.868 0.865 0.871 0.899 

Non-Smote-PCA 0.853 0.881 0.878 0.841 0.874 0.843 0.85 0.848 0.899 

Non-Smote-RF 0.873 0.895 0.9 0.871 0.894 0.882 0.876 0.882 0.921 
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From Table 25, it can be seen that although the Random Forest model has the 

highest accuracy of 0.926 under the Smote-RF scheme and performs well in 

distinguishing non-ST samples, it performs weakly on ST samples, with 79.5% of the 

predicted ST samples being correct, and 65% of the actual ST samples being correctly 

identified. 

Table 25 Classification Report of RF Model under Smote-RF 
Random Forest precision recall f1-score accuracy support 

Non-ST 0.938 0.979 0.958 
0.926 

389 

ST 0.795 0.554 0.653 56 

 

2.XGBoost model 

The XGBoost model is set up with gbtree as the booster, with 100 trees 

(n_estimators), logloss as the evaluation metric, and a learning rate of 0.3. 

 

Table 26 Parameter settings for XGBoost 
Parameters Values 

booster gbtree 

n_estimators 100 

eval_metric logloss 

learning_rate 0.3 

 

Table 27 shows the performance of the XGBoost model at different time steps 

(w=4 to w=12), with the highest accuracy of 0.920 at w=6 and Non-Smote-RF as the 

optimal configurations. 

(1) Non-Smote: only raw data is used, ranging from 0.854 to 0.912. Accuracy 

0.912 is highest when the time step is w=6. 

(2) Non-Smote-PCA: After applying PCA to the raw data without using Smote, 

the accuracy of the model is not improved and remains at 0.912. 

(3) Non-Smote-RF: After not using Smote and applying Random Forest feature 

extraction, the model outperforms the other schemes (0.920). 

(4) Smote: applying the Smote algorithm to the dataset outperforms Non-Smote 

overall. the highest accuracy of 0.919 is achieved at a time step of w = 8. 

(5) Smote-PCA: After using Smote algorithm on the dataset and applying PCA 

extraction, the accuracy of the model did not improve and decreased to 0.917. 
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(6) Smote-RF: After using Smote and applying Random Forest feature 

extraction, the accuracy of the model did not improve and decreased to 0.916. 

Table 27 Performance of XGBoost models under different conditions 
XGBoost w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Smote 0.903 0.893 0.913 0.884 0.919 0.89 0.884 0.882 0.888 

Smote-PCA 0.883 0.882 0.884 0.88 0.917 0.874 0.88 0.837 0.854 

Smote-RF 0.895 0.888 0.899 0.901 0.912 0.916 0.891 0.871 0.899 

Non-Smote 0.886 0.904 0.912 0.895 0.906 0.904 0.884 0.876 0.91 

Non-Smote-PCA 0.884 0.893 0.912 0.882 0.897 0.862 0.854 0.876 0.899 

Non-Smote-RF 0.899 0.899 0.920 0.888 0.912 0.907 0.884 0.854 0.865 

 

From Table 28, although the XGBoost model has the highest accuracy under the 

Non-Smote-RF scheme, reaching 0.920, and performs well in distinguishing non-ST 

samples, its performance on ST samples is weak. 83.7% of predicted ST samples are 

correct, while only 45.6% are correctly identified in actual ST samples. 

Table 28 Classification Report of XGBoost Model under Non-Smote-RF 
XGBoost precision recall f1-score accuracy support 

Non-ST 0.926 0.987 0.956 
0.920 

544 

ST 0.837 0.456 0.590 79 

 

3.Stacking Algorithm - Layered Model (Stacking) 

The Stacking model defines four base learners: logistic regression, SVM, random 

forest, and XGBoost. Logistic regression is used as the Meta Learner, with a 

maximum iteration of 200 and a random seed of 42. 

Table 29 Parameter settings for Stacking 
Parameters Values 

base learners LR,SVM,RF,XGBoost 

Meta learner LR 

max_iter 200 

random_state 42 

 

Table 30 shows the performance of the Stacking model at different time steps 

(w=4 to w=12), with the highest accuracy of 0.926 at w=6 and SMOTE as the optimal 

configurations. 

(1) Non-Smote: only raw data is used, ranging from 0.880 to 0.915. Accuracy 
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0.921 is the highest when the time step is w=6. 

(2) Non-Smote-PCA: After applying PCA to the raw data without using Smote, 

the accuracy of the model is not improved and drops to 0.915. 

(3) Non-Smote-RF: After not using Smote and applying Random Forest feature 

extraction, the model outperforms (0.925) the Non-Smote and Non-Smote-PCA 

schemes. 

(4) Smote: using Smote algorithm on the dataset, the overall performance is 

better than Non-Smote. the highest accuracy of 0.926 is achieved at a time step of 

w=6, which outperforms the other schemes. 

(5) Smote-PCA: After using Smote algorithm on the dataset and applying PCA 

extraction, the accuracy of the model did not improve and decreased to 0.915. 

(6) Smote-RF: After using Smote and applying Random Forest feature 

extraction, the accuracy of the model is not improved and decreases to 0.917. 

Table 30 Performance of Stacking models under different conditions 
Stacking w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Smote 0.905 0.899 0.926 0.888 0.917 0.896 0.884 0.893 0.899 

Smote-PCA 0.89 0.9 0.907 0.884 0.915 0.888 0.884 0.86 0.865 

Smote-RF 0.906 0.897 0.915 0.899 0.917 0.907 0.884 0.888 0.91 

Non-Smote 0.893 0.907 0.918 0.906 0.921 0.919 0.888 0.899 0.888 

Non-Smote-PCA 0.893 0.899 0.915 0.88 0.89 0.865 0.854 0.876 0.91 

Non-Smote-RF 0.906 0.923 0.925 0.891 0.917 0.916 0.891 0.882 0.888 

 

From Table 31, it can be seen that although the Stacking model has the highest 

accuracy of 0.926 under the Somte scheme and performs well in distinguishing non-

ST samples, it performs weakly on ST samples, with 77.0% of the predicted ST 

samples being correct, and only 59.5% of the actual ST samples being correctly 

identified. 

 

Table 31 Classification Report of Stacking Model under Smote 
Stacking precision recall f1-score accuracy support 

Non-ST 0.943 0.974 0.958 
0.926 

544 

ST 0.770 0.595 0.671 79 
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4.2.3.1.3 Summary of Traditional Machine Learning Models 

Table 32 shows the highest accuracy of different single and ensemble machine 

learning models under specific conditions. Among the individual models, the BP 

neural network achieved the highest accuracy of 0.919 under the "Non-Smote-PCA" 

and w=8 condition. For ensemble models, both the Random Forest (RF) and Stacking 

models reached the highest accuracy of 0.926 under different conditions, with RF 

under "Smote-RF" and w=8, and Stacking under "SMOTE" and w=6. This indicates 

that ensemble models generally outperform individual models, and different 

preprocessing methods and time steps significantly impact model performance.  

Table 32 Best single and ensemble machine learning model accuracy 
Model Conditions Highest accuracy 

Single machine 

learning model 

LR Non-Smote-PCA and w=12 0.910 

SVM Non-Smote-PCA and w=6 0.875 

DT Non-Smote-RF and w=12 0.899 

BP Non-Smote-PCA and w=8 0.919 

Ensemble  

machine learning 

models 

RF Smote-RF and w=8 0.926 

XGBoost Non-Smote-RF and w=6 0.920 

Stacking Smote and w=6 0.926 

 

 
Figure 22 Traditional machine learning model accuracy 

 

4.2.3.2 Deep learning models 

 The hyperband algorithm was used to explore the hyperparameter space of 

various layers in the deep learning model. The specific search ranges for each 

parameter are outlined in the table 33:  
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Table 33 Using hyperband algorithm to find the optimal parameters 
Layers Parameters Values Scope Step 

Convolutional Layer filters [16,64] 16 

Dropout1 Layer rate [0.1,0.5] 0.1 

BiLSTM Layer units [32,128] 32 

Dropout2 Layer rate [0.1,0.5] 0.1 

Dense1 Layer units [32,256] 32 

Dropout3 Layer rate [0.1,0.5] 0.1 

Dense2 Layer units [32,256] 32 

Dropout4 Layer rate [0.1,0.5] 0.1 

 

4.2.3.2.1 Single deep learning models 

1.Convolutional Neural Networks model (CNN) 

The CNN model is set up with 64 filters with a kernel size of 3 for feature 

extraction and a pool size of 2 for dimensionality reduction. Dropout rates of 0.5, 0.1, 

and 0.3 are applied to prevent overfitting. Two dense layers, each with 128 units, 

process high-level features, and the Adam optimizer ensures efficient and stable 

training.  

Table 34 Parameter settings for CNN 
Parameters Values Parameters Values 

filters 64 dropout2 0.1 

kernel_size 3 dense2_units 128 

pool_size 2 dropout3 0.3 

dropout1 0.5 optimizer adam 

dense1_units 128   

 

The specific parameter settings are shown in the table below. The five fold cross 

validation method is used to compare CNN models under different conditions. Table 

35 shows the performance of the CNN model at different time steps (w=4 to w=12). 

When w=8 and Smote-RF is used as the optimal configurations, the accuracy is 

highest at 0.981. 

(1) Non-Smote: Using only raw data, ranging from 0.880 to 0.963. When the 

time step is w=7, the accuracy is highest at 0.963. 

(2) Smote: Using the Smote algorithm on the dataset, the overall performance is 

better than Non-Smote. When the time step is w=6, the accuracy is highest at 0.978. 



 

 

 
 84 

(3) Smote-PCA: After applying the Smote algorithm and PCA extraction to the 

dataset, the accuracy of the model was decreased to 0.974 at a time step of w=10. 

(4) Smote-RF: After using Smote and applying random forest feature extraction, 

the accuracy of the model was improved to 0.981, which is superior to other schemes. 

Table 35 Performance of CNN under different conditions 
CNN w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Non-Smote 0.95 0.951 0.958 0.963 0.957 0.959 0.934 0.911 0.888 

Smote 0.944 0.955 0.978 0.974 0.974 0.971 0.966 0.966 0.876 

Smote-PCA 0.955 0.957 0.97 0.964 0.973 0.963 0.974 0.966 0.843 

Smote-RF 0.939 0.962 0.975 0.977 0.981 0.966 0.963 0.955 0.832 

 

From Table 36, it can be seen that the CNN model has the highest accuracy 

under the Smote-RF scheme, reaching 0.981. Choosing this model as the optimal 

model, the test set data was used to train and predict the optimal model, with an 

accuracy of 0.981. Compared to traditional machine learning models, it performs 

better in distinguishing between non-ST and ST samples, with 98.1% being correct in 

predicting ST samples and 87.3% being correctly identified in actual ST samples. 

Table 36 Classification Report of CNN under Smote-RF 
CNN precision recall f1-score accuracy support 

Non-ST 0.981 0.997 0.989 
0.981 

389 

ST 0.981 0.873 0.924 56 

 

The figure 23 shows that the loss value trend and accuracy trend of the training 

iterations are relatively stable. From figure 24, an AUC of 0.99 indicates that the CNN 

model has excellent ability to distinguish between classes, with nearly perfect 

classification performance.  
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Figure 23 Trend chart of accuracy and loss value of CNN model  

 

Figure 24 The ROC curve of the CNN model 

2.Bi-directional Long Short-Term Memory model (BiLSTM) 

The BiLSTM model is configured with two LSTM layers (64 and 128 units) to 

capture temporal patterns, with dropout rates of 0.2 and 0.1 to reduce overfitting. It 

includes two fully connected layers (128 units each) with dropout rates of 0.1 and 0.3, 

ensuring regularization. The Adam optimizer is used for efficient training. These 

settings aim to balance model complexity and enhance performance on sequential 

data.The specific parameter settings are shown in the table below.  
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Table 37 Parameter settings for BiLSTM 
Parameters Values Parameters Values 

lstm1_units 64 dropout3 0.1 

dropout1 0.2 dense2_units 128 

lstm2_units 128 dropout4 0.3 

dropout2 0.1 optimizer adam 

dense1_units 128   

 

The five fold cross validation method is used to compare BiLSTM models under 

different conditions. Table 38 shows the performance of the BiLSTM model at 

different time steps (w=4 to w=12), with the highest accuracy of 0.991 at w=7 and 

Smote as the optimal configurations. 

Non-Smote: Using only raw data, ranging from 0.854 to 0.977. When the time 

step is w=9, the accuracy is highest at 0.977. 

Smote: Using the Smote algorithm on the dataset, the overall performance is 

better than Non Smote. When the time step is w=8, the accuracy is highest at 0.991. 

Smote-PCA: After applying the Smote algorithm and PCA extraction to the 

dataset, the accuracy of the model was improved to 0.988 at a time step of w=6. 

Smote-RF: After using Smote and applying random forest feature extraction, the 

accuracy of the model did not improve, and the accuracy of the model remained at 

0.989. 

Table 38 Performance of BiLSTM under different conditions 
BiLSTM w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Non-Smote 0.976 0.963 0.975 0.970 0.975 0.977 0.963 0.939 0.854 

Smote 0.980 0.979 0.989 0.989 0.991 0.988 0.970 0.946 0.843 

Smote-PCA 0.973 0.983 0.988 0.978 0.978 0.983 0.970 0.967 0.865 

Smote-RF 0.980 0.978 0.989 0.987 0.989 0.986 0.981 0.977 0.820 

 

From Table 39, it can be seen that the BiLSTM model has the highest accuracy 

under the Smote scheme. Choosing this model as the optimal model and using the test 

set data for training and prediction, the accuracy is 0.991. Compared with traditional 

machine learning models and CNN models, it performs better in distinguishing 

between non ST samples and ST samples, with 97.5% of predicted ST samples being 

correct and 96.3% correctly identified in actual ST samples. 
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Table 39 Classification Report of BiLSTM under Smote 
BiLSTM precision recall f1-score accuracy support 

Non-ST 0.993 0.996 0.994 
0.991 

389 

ST 0.975 0.963 0.969 56 

 

The figure 25 shows that the loss value trend and accuracy trend of the training 

iterations are relatively stable. From figure 26, an AUC of 0.99 indicates that the 

BiLSTM model has excellent ability to distinguish between classes, with nearly 

perfect classification performance. 

 

Figure 25 Trend chart of accuracy and loss value of BiLSTM model  
 

 

Figure 26 The ROC curve of the BiLSTM model  
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3.Attention mechanism model (AT) 

The Attention (AT) model is set up with scaling in the attention mechanism and 

calculates attention scores with the dot product. It has two dense layers with 128 units 

each, with dropout rates of 0.1 and 0.3. The adam optimizer is used for training. These 

settings help optimize performance and reduce overfitting. The specific parameter 

settings are shown in the table 40.  

Table 40 Parameter settings for AT 
Parameters Values Parameters Values 

attention_use_scale TRUE dense2_units 128 

attention_score_mode dot dropout2 0.3 

dense1_units 128 optimizer adam 

dropout1 0.1   

 

The five fold cross validation method is used to compare AT models under 

different conditions. Table 41 shows the performance of the AT model at different 

time steps (w=4 to w=12), with the highest accuracy of 0.949 at w=6 and Smote as 

the optimal configurations. 

Non-Smote: Using only raw data, ranging from 0.831 to 0.937. When the time 

step is w=5, the accuracy is highest at 0.937. 

Smote: Using the Smote algorithm on the dataset, the overall performance is 

better than Non Smote. When the time step is w=6 the accuracy is highest at 0.949. 

Smote-PCA: After applying the Smote algorithm and PCA extraction to the 

dataset, the accuracy of the model was decreased to 0.930 at a time step of w=6. 

Smote-RF: After using Smote and applying random forest feature extraction, the 

accuracy of the model was at 0.948. 

Table 41 Performance of AT under different conditions 
Attention w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Non-Smote 0.930 0.937 0.929 0.932 0.928 0.905 0.897 0.877 0.831 

Smote 0.934 0.933 0.949 0.944 0.930 0.944 0.914 0.899 0.809 

Smote-PCA 0.925 0.923 0.936 0.930 0.918 0.919 0.906 0.862 0.876 

Smote-RF 0.933 0.928 0.945 0.948 0.939 0.934 0.906 0.896 0.843 

 

From Table 42, it can be seen that the AT model has the highest accuracy under 

the Smote scheme. Choosing this model as the optimal model and using the test set 
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data for training and prediction, the accuracy is 0.949. However, compared to the 

CNN and BiLSTM models, the prediction accuracy is lower. Compared with 

traditional machine learning models, it performs better in distinguishing between non-

ST samples and ST samples, with 87.0% of predicted ST samples being correct and 

74.3% correctly identified in actual ST samples. 

Table 42 Classification Report of AT under Smote-RF 

Attention precision recall f1-score accuracy support 

Non-ST 0.960 0.982 0.971 
0.949 

544 

ST 0.870 0.743 0.801 79 

 

The figure 27 shows that the loss value trend and accuracy trend of the training 

iterations are relatively stable. From figure 28, an AUC of 0.94 indicates that the AT 

model has excellent discriminatory ability, with a high capability to distinguish 

between the positive and negative classes. However, it is lower than the AUC values 

achieved by the CNN and BiLSTM models. 

 

Figure 27 Trend chart of accuracy and loss value of AT model 
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Figure 28 The ROC curve of the AT model  

 

4.2.3.2.2 Ensemble of Deep Learning Models 

1.CNN-BiLSTM model 

The CNN-BiLSTM model is set up with 64 convolutional filters, a kernel size of 

3, and a pooling size of 2, along with a 50% dropout to prevent overfitting. It includes 

two bidirectional LSTM layers with 64 and 128 units, applying 20% and 10% 

dropout, respectively. The fully connected layers have 128 neurons each, with 10% 

and 30% dropout. The model uses the Adam optimizer for efficient and effective 

optimization. The specific parameter settings are shown in the table 43.  

Table 43 Parameter settings for CNN-BiLSTM 
Parameters Values Parameters Values 

filters 64 dropout3 0.1 

kernel_size 3 dense1_units 128 

pool_size 2 dropout4 0.1 

dropout1 0.5 dense2_units 128 

lstm1_units 64 dropout5 0.3 

dropout2 0.2 optimizer adam 

lstm2_units 128   

 

Table 44 shows the performance of the CNN-BiLSTM model at different time 

steps (w=4 to w=12), with the highest accuracy of 0.993 at w=9 and Smote, Smote-

PCA and Smote-RF as the optimal configurations. 
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Non-Smote: Using only raw data, ranging from 0.843 to 0.977. When the time 

step is w=8, the accuracy is highest at 0.977. 

Smote: Using the Smote algorithm on the dataset, the overall performance is 

better than Non Smote. When the time step is w=8, the accuracy is highest at 0.993. 

Smote-PCA: After applying the Smote algorithm and PCA extraction to the 

dataset, the accuracy of the model was improved to 0.993 at a time step of w=8. 

Smote-RF: After using Smote and applying random forest feature extraction, the 

accuracy of the model improved to 0.993 at a time step of w=8. 

Table 44 Performance of CNN-BiLSTM under different conditions 
CNN-BiLSTM w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Non-Smote 0.95 0.956 0.971 0.973 0.977 0.971 0.963 0.932 0.843 

Smote 0.964 0.955 0.986 0.978 0.987 0.993 0.981 0.979 0.843 

Smote-PCA 0.963 0.964 0.987 0.981 0.992 0.993 0.981 0.978 0.809 

Smote-RF 0.959 0.962 0.984 0.986 0.990 0.993 0.985 0.961 0.843 

 

Taking Smote-RF conditions as an example, from Table 45, it can be seen that 

the CNN-BiLSTM model has the highest accuracy under the Smote-RF scheme. 

Choosing this model as the optimal model, the test set data was used to train and 

predict the optimal model with an accuracy of 0.993. Compared with traditional 

machine learning models, single deep learning models, it performs better in 

distinguishing between non ST samples and ST samples. Among them, it is 99% 

correct in predicting ST samples and 96.2% correctly recognized in actual ST 

samples. 

Table 45 Classification Report of CNN-BiLSTM under Smote-RF 
CNN-

BiLSTM 
precision recall f1-score accuracy support 

Non-ST 0.993 0.998 0.996 
0.993 

300 

ST 0.990 0.962 0.976 56 

 

The Figure 29 shows that the loss and accuracy trends during training iterations 

are relatively stable, indicating good convergence of the model. From Figure 30, an 

AUC of 1 demonstrates that the CNN-BiLSTM model achieves perfect discrimination 

between classes, reflecting its exceptional performance in the classification task.
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Figure 29 Trend chart of accuracy and loss value of CNN-BiLSTM model  

 

Figure 30 The ROC curve of the CNN-BiLSTM model  

2.CNN-AT model 

The CNN-AT model is set up with 64 convolutional filters, a kernel size of 3, 

and a pooling size of 2, along with a 50% dropout to prevent overfitting. It 

incorporates an attention mechanism with weights and biases initialized uniformly to 

enhance focus on important features. The fully connected layers have 128 neurons 

each, applying 10% and 30% dropout, respectively. The model uses the Adam 

optimizer for efficient and effective optimization.The specific parameter settings are 

shown in the table 46.  
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Table 46 Parameter settings for CNN-AT 
Parameters Values Parameters Values 

filters 64 dense1_units 128 

kernel_size 3 dropout2 0.1 

pool_size 2 dense2_units 128 

dropout1 0.5 dropout3 0.3 

attention_weight uniform optimizer adam 

attention_bias uniform   

Table 47 shows the performance of the CNN-AT model at different time steps 

(w=4 to w=12), with or w=8 and Smote-PCA as the optimal configurations, achieving 

the highest accuracy of 0.992. 

Non-Smote: Using only raw data, ranging from 0.820 to 0.985. When the time 

step is w=8, the accuracy is highest at 0.985. 

Smote: Using the Smote algorithm on the dataset, the overall performance is 

better than Non Smote. When the time step is w=9, the accuracy is highest at 0.991. 

Smote-PCA: After applying the Smote algorithm and PCA extraction to the 

dataset, the accuracy of the model was 0.992 at a time step of w=8. 

Smote-RF: After using Smote and applying random forest feature extraction, the 

accuracy of the model decreased to 0.990 at a time step of w=9. 

 

 

Table 47 Performance of CNN-AT under different conditions 
CNN-AT w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Non-Smote 0.960 0.972 0.978 0.981 0.985 0.979 0.966 0.928 0.82 

Smote 0.965 0.968 0.989 0.984 0.985 0.991 0.985 0.978 0.865 

Smote-PCA 0.956 0.965 0.984 0.980 0.992 0.989 0.978 0.975 0.787 

Smote-RF 0.965 0.972 0.990 0.984 0.988 0.990 0.981 0.952 0.832 

 

From Table 48, it can be seen that the CNN-AT model has the highest accuracy 

under the Smote-PCA scheme. Choosing this model as the optimal model, the test set 

data was used to train and predict the optimal model, with an accuracy of 0.992. 

Compared with traditional machine learning models and deep learning models alone, 

it performs better in distinguishing between non ST and ST samples, with 96.3% of 

predicted ST samples being correct and 98.1% correctly identified in actual ST 

samples. 
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Table 48 Classification Report of CNN-AT under Smote-PCA 
CNN-

AT 
precision recall f1-score accuracy support 

Non-ST 0.997 0.993 0.995 
0.992 

389 

ST 0.963 0.981 0.972 56 

 

The figure 31 shows that the loss and accuracy trends during training iterations 

are relatively stable, indicating good convergence of the model. From figure 32, an 

AUC of 1 demonstrates that the CNN-AT model achieves perfect discrimination 

between classes, reflecting its exceptional performance in the classification task. 

  

Figure 31 Trend chart of accuracy and loss value of CNN-AT model  
 

 

Figure 32 The ROC curve of CNN-AT model  
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3.BiLSTM-AT model 

The BiLSTM-AT model is set up with a bidirectional LSTM layer consisting of 

64 units and a 20% dropout to prevent overfitting. It incorporates an attention 

mechanism with weights and biases initialized uniformly, enabling the model to focus 

on significant features. The fully connected layers include two layers with 128 

neurons each, applying 10% and 30% dropout, respectively. The adam optimizer is 

used for efficient and adaptive optimization. The specific parameter settings are 

shown in the table 49.  

Table 49 Parameter settings for BiLSTM-AT 
Parameters Values Parameters Values 

lstm1_units 64 dropout2 0.1 

dropout1 0.2 dense2_units 128 

attention_weight uniform dropout3 0.3 

attention_bias uniform optimizer adam 

dense1_units 128   

 

Table 50 shows the performance of the BiLSTM-AT model at different time steps 

(w=4 to w=12), with the highest accuracy of 0.993 at w=8 and Smote-PCA as the 

optimal configurations. 

Non-Smote: Using only raw data, ranging from 0.820 to 0.977. When the time 

step is w=8 and 9, the accuracy is highest at 0.977. 

Smote: Using the Smote algorithm on the dataset, the overall performance is 

better than Non-Smote. When the time step is w=6, the accuracy is at 0.991. 

Smote-PCA: After applying the Smote algorithm and PCA extraction to the 

dataset, the accuracy of the model was decreased to 0.989 at a time step of w=8. 

Smote-RF: After using Smote and applying random forest feature extraction, the 

accuracy of the model improved to 0.993 which is highest at a time step of w=8. 
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Table 50 Performance of BiLSTM-AT under different conditions 
BiLSTM-AT w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Non-Smote 0.971 0.962 0.976 0.975 0.977 0.977 0.97 0.932 0.82 

Smote 0.978 0.979 0.991 0.989 0.990 0.982 0.976 0.978 0.865 

Smote-PCA 0.966 0.965 0.986 0.981 0.989 0.985 0.981 0.973 0.753 

Smote-RF 0.975 0.973 0.982 0.989 0.993 0.985 0.983 0.955 0.854 

 

From Table 51, it can be seen that the BiLSTM-AT model has the highest 

accuracy under the Smote-RF scheme. Choosing this model as the optimal model, the 

test set data was used to train and predict the optimal model, with an accuracy of 

0.993. Compared with traditional machine learning models and deep learning models 

alone, it performs better in distinguishing between non ST and ST samples, with 

97.5% of predicted ST samples being correct and 97.5% correctly identified in actual 

ST samples. 

Table 51 Classification Report of BiLSTM-AT under Smote-RF 
BiLSTM-

AT 
precision recall f1-score accuracy support 

Non-ST 0.996 0.996 0.996 
0.993 

544 

ST 0.975 0.975 0.975 79 

 

The figure 33 shows that the loss and accuracy trends during training iterations 

are relatively stable, indicating good convergence of the model. From Figure 34, an 

AUC of 0.99 demonstrates that the BiLSTM-AT model has excellent classification 

performance, with a high ability to distinguish between classes effectively, but lower 

than CNN-BiLSTM and CNN-AT. 
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Figure 33 Trend chart of accuracy and loss value of BiLSTM-AT model  

 

Figure 34 The ROC curve of BiLSTM-AT model  

 

4.CNN-BiLSTM-AT model 

The CNN-BiLSTM-AT model is configured with 64 convolutional filters, a 

kernel size of 3, and a pooling size of 2, along with a 50% dropout to prevent 

overfitting. It includes a bidirectional LSTM layer with 64 units, applying a 20% 

dropout to reduce overfitting. An attention mechanism with uniformly initialized 

weights and biases enhances the model's focus on critical features. The fully 

connected layers consist of two layers with 128 neurons each, applying 10% and 30% 

dropout, respectively. The Adam optimizer is employed for efficient and adaptive 

optimization. The specific parameter settings are shown in the table 52.  
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Table 52 Parameter settings for CNN-BiLSTM-AT 
Parameters Values Parameters Values 

filters 64 attention_bias uniform 

kernel_size 3 dense1_units 128 

pool_size 2 Dropout3 0.1 

dropout1 0.5 dense2_units 128 

lstm1_units 64 Dropout4 0.3 

Dropout2 0.2 optimizer adam 

attention_weight uniform   

 

Table 53 shows the performance of the CNN-BiLSTM-AT model at different 

time steps (w=4 to w=12), with the highest accuracy of 0.994 at w=8 and Smote as 

the optimal configurations. 

Non-Smote: Using only raw data, ranging from 0.865 to 0.978. When the time 

step is w=8, the accuracy is highest at 0.978. 

Smote: Using the Smote algorithm on the dataset, the overall performance is 

better than Non-Smote. When the time step is w=8, the accuracy is highest at 0.994. 

Smote-PCA: After applying the Smote algorithm and PCA extraction to the 

dataset, the accuracy of the model was decreased to 0.990 at a time step of w=8. 

Smote-RF: After using Smote and applying random forest feature extraction, the 

accuracy of the model was improved to 0.992 at time steps w=9. 

Table 53 Performance of CNN-BiLSTM-AT under different conditions 
CNN-BiLSTM-AT w=4 w=5 w=6 w=7 w=8 w=9 w=10 w=11 w=12 

Non-Smote 0.959 0.948 0.973 0.973 0.978 0.976 0.965 0.933 0.865 

Smote 0.966 0.975 0.986 0.982 0.994 0.993 0.983 0.974 0.876 

Smote-PCA 0.958 0.958 0.982 0.982 0.990 0.989 0.985 0.975 0.854 

Smote-RF 0.956 0.968 0.989 0.983 0.990 0.992 0.978 0.952 0.820 

 

From Table 54, it can be seen that the CNN-BiLSTM-AT model has the highest 

accuracy under the Smote scheme. Choosing this model as the optimal model, the test 

set data was used to train and predict the optimal model, with an accuracy of 0.994. 

Compared with traditional machine learning models and deep learning models alone, 

it performs better in distinguishing between non ST and ST samples, with 99.1% of 

predicted ST samples being correct and 96.6% correctly identified in actual ST 

samples. 
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Table 54 Classification Report of CNN-BiLSTM-AT under Smote 
CNN-

BiLSTM-

AT 

precision recall f1-score accuracy support 

Non-ST 0.995 0.999 0.997 
0.994 

389 

ST 0.991 0.966 0.979 56 

The figure 35 shows that the loss and accuracy trends during training iterations 

are relatively stable, indicating good convergence of the model. From Figure 36, an 

AUC of 1.00 demonstrates that the CNN-BiLSTM-AT model has excellent 

classification performance, with a high ability to distinguish between classes 

effectively. 

 

Figure 35 Trend chart of accuracy and loss value of CNN-BiLSTM-AT model  

 

Figure 36 The ROC curve of CNN-BiLSTM-AT model  
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4.2.3.2.3 Summary of Deep Learning Models 

The results highlight that ensemble deep learning models outperform single deep 

learning models in accuracy. Among single models, BiLSTM achieved the highest 

accuracy of 0.991 with SMOTE and w=8, followed by CNN at 0.981 and AT at 0.977. 

In terms of training time, BiLSTM required the longest time at 909.81 seconds, while 

CNN and AT had shorter training times of 84.77 seconds and 7.22 seconds, 

respectively. Ensemble models showed even better performance, with CNN-BiLSTM 

and BiLSTM-AT reaching 0.993, CNN-AT achieving 0.992, and CNN-BiLSTM-AT 

delivering the best accuracy of 0.994 under SMOTE and w=8. In terms of training 

time, CNN-BiLSTM took 359.52 seconds, BiLSTM-AT took 537.33 seconds, CNN-

AT took 85.82 seconds, and CNN-BiLSTM-AT required 400.27 seconds. These 

results demonstrate the superior feature extraction and integration capabilities of 

ensemble models, particularly CNN-BiLSTM-AT, which balances high accuracy and 

reasonable training time. 

Table 55 Best single and ensemble machine learning model 

Model Conditions 
Training 

time(seconds) 

Highest 

accuracy 

Single deep 

learning model 

CNN Smote-RF and w=8 84.77 0.981 

BiLSTM Smote and w=8 909.81 0.991 

AT Smote-RF and w=6 7.22 0.977 

Ensemble of 

deep learning 

models 

CNN-BiLSTM Smote(PCA/RF) and w=8 359.52 0.993 

CNN-AT Smote-PCA and w=8 85.82 0.992 

BiLSTM-AT Smote-RF and w=8 537.33 0.993 

CNN-BiLSTM-AT Smote and w=8 400.27 0.994 

 

 
Figure 37 Ensemble of deep learning models accuracy 

0.981 

0.991 

0.949 

0.993 0.993 0.993 0.994 

CNN BiLSTM AT CNN-BiLSTM CNN-AT BiLSTM-AT CNN-BiLSTM-AT
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4.2.3.3 Model based on activation function optimization algorithm 

The convolutional and Dense layers in the original CNN-BiLSTM-AT used 

ReLU activation functions. In this paper, a custom activation function will be used to 

replace the original activation function (see Figure 38) to compare the model 

performance before and after activation function optimization. 

 

Figure 38 Structure diagram of CNN-BiLSTM-AT model before and after 

activation function optimization 

The parameter configuration for activation function optimization combines the 

characteristics of classical activation functions (e.g., ReLU, Tanh, and Sigmoid) to 

create new hybrid forms, such as ReLU_Sig, Tanh_Sig, and ReLU_Tanh, with 

performance enhancement achieved through parameter tuning. For example, in 

ReLU_Sig and ReLU_Tanh, the introduction of ReLU's leakage coefficient α, set to 

0.1 and 0.01 respectively, balances gradient flow and avoids issues like gradient 

explosion or vanishing. Additionally, the use of the linear multiplier x expands the 

dynamic range of the activation output. This design leverages ReLU's sparse 

activation, Tanh's normalization, and Sigmoid's smooth mapping characteristics, 

Conv1D(64˟ 3, activation_fn)

MaxPooling1D(2˟2)
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enabling deep learning models to exhibit enhanced nonlinear representation 

capabilities and training stability in complex tasks. 

Table 56 Activation function forms for CNN-BiLSTM-AT 
Activation function Functional form 

ReLU K.relu(x) 

Tanh K.tanh(x) 

Sigmoid K.sigmoid(x) 

ReLU_Sig x * K.relu(x, alpha=0.1) * K.sigmoid(x) 

Tanh_Sig x*K.tanh(x)*K.sigmoid(x) 

ReLU_Tanh x*K.relu(x, alpha=0.01)*K.tanh(x) 

 

The experimental results demonstrate that different activation functions 

significantly impact model accuracy. Among them, ReLU and ReLU_Tanh achieved 

the highest accuracy of 0.994, highlighting their superior non-linear characteristics 

and computational efficiency in handling complex tasks. Tanh, with an accuracy of 

0.991, ranked slightly below ReLU and ReLU_Tanh but outperformed Sigmoid, 

which achieved an accuracy of 0.985, indicating that Tanh's symmetric output is 

advantageous for certain data distributions. In contrast, the composite activation 

functions ReLU_Sig and Tanh_Sig had accuracies of 0.980 and 0.976, respectively, 

which were lower than the standalone activation functions, possibly due to their 

sensitivity to parameters or excessive complexity. 

 

Figure 39 Comparison of the results of different activation functions 
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Figure 40 presents a comparison of the classification performance of the CNN-

BiLSTM-AT model using different activation functions, assessed through ROC curves 

and AUC values. The results clearly demonstrate that the choice of activation function 

has a significant impact on the model’s ability to distinguish between financially 

distressed (ST) and stable (non-ST) companies. 

Among all tested activation functions, ReLU_Tanh exhibited the strongest 

performance, achieving an AUC of 1.00 while positioning its ROC curve closest to 

the top-left corner. This placement indicates that ReLU_Tanh provides the best trade-

off between sensitivity and specificity, meaning it effectively identifies financial risk 

cases (ST companies) while minimizing false positives (misclassifying non-ST 

companies as high-risk). This suggests that ReLU_Tanh enhances the model’s 

predictive reliability and stability, making it particularly suitable for financial risk 

prediction.Although ReLU and Tanh also achieved AUC values of 1.00, their ROC 

curves indicate slightly lower sensitivity and specificity compared to ReLU_Tanh. 

This implies that while they are effective, they may not perform as consistently across 

different datasets or experimental conditions.In contrast, the Sigmoid activation 

function recorded a slightly lower AUC of 0.99, showing strong classification 

performance but slightly weaker discriminatory ability compared to ReLU_Tanh. The 

Softmax activation function performed the worst, with an AUC of 0.98, indicating 

reduced effectiveness in distinguishing between high-risk and low-risk companies, 

though it still maintained reasonable classification capability. 

Overall, these results highlight the critical role of activation function selection in 

optimizing model performance. The ReLU_Tanh activation function demonstrated 

superior classification accuracy, sensitivity, and specificity, making it the most 

effective choice for financial risk prediction in this scenario. Its ability to produce 

stable and high-confidence predictions across different experiments reinforces its 

potential as an optimal activation function for financial risk assessment models. 
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Figure 40 The ROC curve of CNN-BiLSTM-AT under different activation function  
 

4.2.4 Case application analysis 

To achieve dynamic monitoring of financial risks for listed companies and 

validate the stability and reliability of the proposed model, this study employed a 

CNN-BiLSTM-AT financial risk prediction model optimized with a ReLU_Tanh 

activation function algorithm. The model was trained using financial data from 

Company A and Company B over the past 12 quarters. To ensure robustness, 100 

independent experiments were conducted with varying random seed values. 

The implementation process is as follows:  

(1)Repeated Experiments: The model was trained in 100 iterations, resetting the 

random seed in each iteration to introduce variability in model initialization, thereby 

enhancing the diversity of training outcomes and predictive performance.  

(2) Independent Training and Prediction: In each iteration, the model was 

independently trained on the same dataset and then used to predict financial risks for 

the selected companies, recording their probability scores.  

(3) Probability Distribution Visualization: Based on the prediction results from 

100 independent experiments, probability distribution curves were plotted for selected 

companies. These visualizations illustrate the probability fluctuations across different 
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trials, providing insights into the model’s stability and the financial risk trends for 

each company.  

In each experiment, the model calculated the probability p of financial risk for 

the selected companies, where p ranged from [0,1]. According to the model's decision 

rule, a probability p>0.5 indicates that the company is likely facing financial risk(ST), 

while p≤0.5 indicates that the company is operating normally(non-ST). 

The experimental results, presented in Figures 41 and 42, illustrate the predicted 

financial risk probabilities for selected companies(Company A and Company B) 

across 100 independent experiments. These results provide a comprehensive 

assessment of the model’s ability to distinguish between financially distressed (ST) 

and stable (non-ST) companies. 

For Company A, the predicted probability of financial risk remained consistently 

above 0.5 in all experiments, with the minimum recorded probability exceeding the 

threshold. This strong and stable prediction suggests that the model confidently 

identifies Company A as experiencing financial distress. The lack of fluctuation below 

the 0.5 threshold indicates that the model maintains high reliability in detecting 

financial risk, regardless of variations in initial random seed values.In contrast, for 

Company B, the predicted probability of financial risk was consistently 0 across all 

100 experiments. This means that in every trial, the model classified Company B as 

non-ST, reinforcing the conclusion that the company is in a stable operational state. 

The absence of any deviation above 0.5 further validates the robustness of the model 

in distinguishing financially sound companies from those at risk. 

These findings substantiate the accuracy, stability, and robustness of the CNN-

BiLSTM-AT model optimized with a ReLU_Tanh activation function algorithm in 

identifying financial risks across different companies. By demonstrating clear and 

consistent classification results under varying experimental conditions, the model 

proves to be a reliable tool for early financial risk warning. Its capability to maintain 

stable predictions across multiple trials highlights its practical value in financial risk 

assessment and proactive risk management for listed companies. 
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Figure 41 Probability distribution of financial risk prediction for Company A 
 

 

Figure 42 Probability distribution of financial risk prediction for Company B 
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Chapter 5 

Conclusion and Discussion 

This chapter introduces the research conclusions and discussions. 

5.1 Conclusion 

This article uses financial indicators data from the past three years and 12 

quarters of listed companies to conduct a comparative study between traditional 

machine learning models and deep learning models. It proposes a CNN-BiLSTM-AT 

deep learning ensemble model based on an activation function optimization 

algorithm. The empirical results validate the effectiveness of this model, and the 

optimal hyperparameters of the model are determined using the hyperband algorithm. 

The conclusions of this study are summarized as follows. 

5.1.1 Importance of Financial Features 

The features selected by PCA indicate that ST companies have significant 

weaknesses in liquidity(Cash Assets Ratio, Working Capital), profitability (Operating 

Profit Rate, Net Profit Margin on Fixed Assets), and operational efficiency(Operating 

Index). They have lower cash reserves, weaker short-term solvency, slow revenue 

growth, and inefficient asset utilization. These factors contribute to financial 

instability, making companies more vulnerable to operational difficulties. Improving 

cash flow management, optimizing cost control, and enhancing asset returns is crucial 

for financial stability. 

The features identified by Random Forest indicate that ST companies have 

significant weaknesses in liquidity (Cash Ratio, Quick Ratio, Working Capital), 

profitability and efficiency (Accounts Receivable Turnover, Fixed Assets Ratio, Fixed 

Asset Growth Rate), and operational stability (Inventory Turnover). They face tight 

cash flow, higher short-term debt pressure, and lower fixed asset investment, 

reflecting financial constraints. Additionally, poor debt management and slow 

accounts receivable collection further increase financial risks. Optimizing capital 

allocation, increasing cash reserves, and improving debt management are essential 

steps to strengthen financial health. 

In summary, both PCA and Random Forest highlight key financial weaknesses of 

ST companies, particularly in liquidity, profitability, efficiency, and stability. These 
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firms struggle with cash flow, debt pressure, and asset utilization, making them more 

vulnerable to financial distress. Addressing these issues through better cash 

management, cost control, and capital optimization is essential for long-term financial 

stability. 

5.1.2 Impact of Time-Step Settings and Smote  

Larger time steps (w=6 to w=10) generally improve model accuracy by capturing 

temporal dependencies more effectively. However, excessively long time steps can 

degrade performance, likely due to the reduced number of usable samples generated, 

making it harder for the model to learn effectively. This highlights the importance of 

optimizing the time-step settings to balance capturing temporal information and 

maintaining a sufficient dataset size. 

Smote oversampling significantly improves model performance by addressing 

class imbalance and small dataset sizes. By generating synthetic samples for minority 

classes, Smote enables the model to better learn the characteristics of these classes. 

After applying Smote, the overall model accuracy increased from 0.978 to 0.994, 

demonstrating a marked improvement in predicting ST risks and enhancing the 

model’s ability to handle imbalanced data. 

5.1.3 Effectiveness of Deep Learning Models 

Experimental results demonstrate that deep learning models, including CNN 

(accuracy:0.981), BiLSTM(0.991), and Attention Mechanism (AT,0.977), consistently 

outperform traditional machine learning models such as Logistic Regression (LR, 

0.910), Support Vector Machine (SVM, 0.875), Decision Tree (DT, 0.899), and BP 

Neural Network (BP, 0.919).  

These results highlight the superior capability of deep learning models in 

analyzing and predicting financial time-series data.Deep learning models excel in 

capturing complex temporal dependencies and feature interactions, which are crucial 

in financial data characterized by non-linear patterns and high dimensionality. 

5.1.4 Effectiveness of Ensemble Models 

Experimental results demonstrate that ensemble models consistently outperform 

single models, showcasing their effectiveness in improving predictive performance.  

Among traditional machine learning models, ensemble approaches such as 

Random Forest (RF) and Stacking achieved the highest accuracy of 0.926, exceeding 
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the best-performing single model, BP Neural Network (BP, 0.919). This indicates that 

ensemble methods can better capture the complex relationships in data by combining 

the predictive strengths of multiple models. 

Similarly, ensemble deep learning models—CNN-BiLSTM (0.993), CNN-AT 

(0.992), BiLSTM-AT (0.993), and CNN-BiLSTM-AT (0.994)—outperformed single 

deep learning models like CNN (0.981), BiLSTM (0.991), and Attention Mechanism 

(AT, 0.977). These results highlight the advantages of ensemble methods in leveraging 

diverse model architectures to capture temporal dependencies and intricate feature 

interactions more effectively. 

In particular, the CNN-BiLSTM-AT model not only achieved the highest 

accuracy but also maintained a reasonable training time, demonstrating a balanced 

trade-off between performance and computational efficiency. These findings 

underscore the potential of ensemble models in both traditional and deep learning 

contexts, particularly for complex tasks like financial risk prediction, where accuracy 

and robustness are crucial. The ability to integrate complementary strengths of 

different models makes ensemble approaches a powerful tool for handling high-

dimensional, non-linear financial datasets. 

5.1.5 Effectiveness of the Hyperband Algorithm 

The Hyperband algorithm efficiently searches for optimal hyperparameter 

combinations by using a resource allocation strategy that dynamically adjusts the 

search process. It explores hyperparameter spaces across various layers, such as the 

convolutional layer filters, BiLSTM units, and dropout rates, with values ranging 

from 16 to 128 for filters and units, and 0.1 to 0.5 for dropout rates. The algorithm 

automates hyperparameter tuning, reducing the need for manual adjustments and 

significantly saving time. This process improves model performance by ensuring that 

the best hyperparameter configurations are selected, leading to enhanced accuracy and 

robustness. 

5.1.6 Effectiveness of the Attention Mechanism 

 The integration of the attention mechanism significantly enhances the 

performance of the CNN, BiLSTM, and CNN-BiLSTM models. Specifically, adding 

the attention mechanism improves the accuracy of the single CNN model from 0.981 

to 0.992, the BiLSTM model from 0.991 to 0.993, and the combined CNN-BiLSTM 
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model from 0.993 to 0.994. These improvements demonstrate that the attention 

mechanism not only boosts accuracy but also increases the model's ability to focus on 

the most relevant features, leading to more efficient learning. By highlighting key 

temporal and spatial patterns in the data, the attention mechanism provides better 

feature weighting, enhancing both model effectiveness and training efficiency. 

5.1.7 Effectiveness of ReLU_Tanh Activation Function 

The experimental results highlight the significant impact of activation functions 

on model performance. The ReLU_Tanh activation function not only achieves the 

same accuracy as ReLU (0.994), but also shows a ROC curve that is positioned 

further to the left. This suggests that ReLU_Tanh improves the model's ability to 

differentiate between classes more effectively, making it particularly valuable in 

scenarios where precision and recall are crucial. While the Tanh function also 

performed well with an accuracy of 0.991, its symmetric output offers advantages for 

certain data distributions. In contrast, composite activation functions like ReLU_Sig 

and Tanh_Sig yielded lower accuracies of 0.980 and 0.976, likely due to their added 

complexity and sensitivity to parameters. ROC curve analysis supports these findings, 

with ReLU_Tanh achieving the best balance of sensitivity and specificity, reflected in 

an AUC of 1.00. Overall, the ReLU_Tanh activation function stands out as the most 

effective choice, enhancing both model performance and class discrimination. 

5.2 Discussion 

5.2.1 Research Significance 

5.2.1.1 Advancements in Financial Risk Prediction Models 

The proposed CNN-BiLSTM-AT ensemble model, combined with innovative 

techniques such as the ReLU_Tanh activation function and the Hyperband algorithm 

for hyperparameter optimization, significantly advances the field of financial risk 

prediction. By effectively integrating convolutional layers, bidirectional LSTMs, and 

attention mechanisms, the study demonstrates the ability to capture complex temporal 

and spatial patterns in financial data, offering a robust solution for predictive 

modeling. 

5.2.1.2 Feature Importance and Data Handling Insights 

Highlighting the importance of specific financial indicators (e.g., fixed assets 

ratio, inventory turnover) offers valuable insights for stakeholders, such as investors 
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and analysts, to prioritize critical features in financial decision-making. Additionally, 

demonstrating the impact of SMOTE oversampling and optimal time-step settings 

underscores the importance of handling imbalanced data and temporal dependencies 

in financial datasets. 

5.2.1.3 Practical Implications for Ensemble and Deep Learning Models 

The findings reveal the effectiveness of ensemble models in improving 

prediction accuracy, emphasizing their potential for real-world applications. The 

success of ensemble approaches in both traditional and deep learning contexts 

provides a framework for deploying such methods in industries where predictive 

accuracy and robustness are critical, such as banking, auditing, and investment 

analysis. 

5.2.2 Research Limitations 

5.2.2.1 Dataset Constraints 

The article is based on financial data from Chinese listed companies over the 

past three years and 12 quarters. While this provides a comprehensive temporal view, 

it may limit the generalizability of the findings to other industries, countries, or 

timeframes. Additionally, the dataset primarily focuses on structured financial 

indicators, potentially overlooking critical unstructured data, such as annual reports, 

media sentiment, or industry-specific contextual information, which could offer richer 

insights into financial risks and performance. 

5.2.2.2 Dependence on Hyperparameter Tuning 

Although the hyperband algorithm automates hyperparameter tuning, its 

effectiveness depends on the predefined search space. This may leave room for 

suboptimal configurations, particularly in the absence of domain-specific insights into 

ideal hyperparameter ranges. 

5.2.2.3 Fixed Initialization Parameters 

The article employs standard weight initialization techniques but does not 

explore advanced or dynamic strategies, such as layer-specific initialization or data-

driven approaches. These could potentially enhance model convergence and stability, 

particularly in deep learning architectures. 
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5.2.2.4 Limitations of Model Architectures 

The research primarily focuses on the CNN-BiLSTM-AT ensemble model and 

compares it with a limited set of traditional and deep learning models. While 

effective, the study does not explore other promising architectures, such as 

Transformers, GRUs, or hybrid configurations, which may further enhance predictive 

performance. 

5.2.3 Future Research 

5.2.3.1 Expansion of Feature Dimensions 

Future research will explore additional structured and unstructured data sources, 

such as annual reports, media sentiment, and macroeconomic indicators. 

Incorporating these diverse dimensions may provide richer insights and improve the 

model’s ability to predict financial risks and performance across various industries 

and regions. 

5.2.3.2 Optimization of Model Architectures 

Advanced deep learning architectures, including Transformers, GRUs, and 

hybrid configurations, will be investigated. Additionally, the integration of novel 

mechanisms, such as attention variants and multi-scale feature extraction, will be 

explored to enhance the ability to capture complex temporal and spatial dependencies. 

5.2.3.3 Hyperparameter and Algorithm Optimization 

Alternative optimization algorithms, such as genetic algorithms and Bayesian 

optimization, will be applied to improve hyperparameter tuning. Further, the 

refinement of loss functions and neuron initialization parameters, such as layer-

specific or adaptive initialization strategies, will be explored to improve model 

convergence and performance. 

5.2.3.4 Improvement of Computational Efficiency 

Strategies to optimize computational efficiency will be developed, focusing on 

reducing the resource requirements of ensemble models. Techniques such as model 

pruning, quantization, and distributed training will be applied to ensure scalability and 

real-time applicability in practical financial scenarios. 
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Table A.1 Comparison of Model Prediction Results for Non-ST Companies (Partial Sample) 

ST Identifier Actual_Class Predicted_Probability Predicted_Class 

002822 0 0.000135955 0 

002829 0 2.40E-12 0 

002830 0 7.88E-05 0 

002841 0 6.64E-11 0 

002845 0 3.27E-09 0 

002851 0 2.51E-09 0 

002855 0 3.17E-10 0 

002898 0 1.44E-05 0 

002906 0 7.80E-13 0 

002913 0 3.72E-13 0 

300014 0 0.000619001 0 

300018 0 1.01E-05 0 

300036 0 5.38E-12 0 

300048 0 1.92E-10 0 

300096 0 3.08E-06 0 

300109 0 6.75E-12 0 

300125 0 1.43E-13 0 

300147 0 8.60E-13 0 

300163 0 8.39E-12 0 

300167 0 2.32E-10 0 

300174 0 6.31E-06 0 

300177 0 2.50E-06 0 

300199 0 6.17E-10 0 

300205 0 0.2398335 0 

300209 0 9.29E-12 0 

300213 0 1.28E-06 0 

300220 0 2.97E-06 0 

300222 0 4.58E-08 0 

300238 0 1.55E-06 0 

300239 0 9.42E-05 0 

300240 0 9.99E-13 0 

300247 0 1.35E-08 0 

300250 0 2.13E-09 0 

300275 0 2.45E-10 0 

300292 0 3.96E-09 0 

300300 0 6.52E-06 0 

300319 0 6.92E-08 0 

300331 0 1.94E-10 0 

300333 0 5.09E-06 0 

300352 0 2.19E-06 0 

300357 0 2.47E-08 0 

300366 0 4.64E-08 0 
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ST Identifier Actual_Class Predicted_Probability Predicted_Class 

300368 0 4.11E-09 0 

300373 0 0.000834949 0 

300376 0 1.83E-12 0 

300385 0 4.08E-06 0 

300389 0 2.24E-09 0 

300393 0 6.15E-10 0 

300397 0 3.91E-06 0 

300398 0 4.44E-08 0 

300403 0 1.75E-10 0 

300436 0 1.90E-09 0 

300443 0 1.13E-06 0 

300451 0 7.44E-08 0 

300456 0 4.84E-07 0 

300457 0 7.53E-11 0 

300458 0 9.84E-05 0 

300465 0 6.96E-10 0 

300475 0 3.89E-12 0 

300476 0 7.19E-09 0 

300479 0 2.65E-14 0 

300486 0 2.39E-11 0 

300496 0 1.63E-11 0 

300499 0 6.44E-05 0 

300501 0 0.007480376 0 

300509 0 4.09E-09 0 

300517 0 2.40E-05 0 

300534 0 1.33E-07 0 

300546 0 8.56E-14 0 

300555 0 6.23E-15 0 

300563 0 0.85654867 1 

300570 0 2.13E-11 0 

300600 0 3.55E-13 0 

300657 0 1.71E-10 0 

300660 0 7.71E-11 0 

300686 0 5.88E-11 0 

300723 0 2.48E-10 0 
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Table A.2 Comparison of Model Prediction Results for ST Companies (Partial Sample) 

ST Identifier Actual_Class Predicted_Probability Predicted_Class 

002835 1 1 1 

300211 1 0.99988 1 

300379 1 1 1 

300382 1 1 1 

300387 1 0.9999996 1 

300519 1 0.9987622 1 

300548 1 0.9999992 1 

300573 1 0.9949867 1 

300582 1 0.99990135 1 

300623 1 1 1 

600127 1 0.9999968 1 

600165 1 0.9999948 1 

600351 1 0.9999995 1 

600488 1 0.9999714 1 

600565 1 0.65800047 1 

600590 1 0.999997 1 

600724 1 0.9994336 1 

600829 1 0.9990444 1 

603015 1 1 1 

603067 1 0.9999997 1 

603131 1 0.99868673 1 

603160 1 1 1 

603308 1 1 1 

603515 1 0.99998146 1 

603678 1 0.9997452 1 

603828 1 1 1 

603861 1 0.99999905 1 

603959 1 0.6835272 1 

42 1 0.99999577 1 

70 1 0.9999999 1 

2341 1 0.99999595 1 

2402 1 1 1 

2403 1 0.9999998 1 

2528 1 0.99929905 1 

2791 1 0.9628967 1 

2822 1 0.99999344 1 

2841 1 0.9999973 1 

2906 1 0.9999887 1 

300331 1 1 1 

300393 1 0.9980362 1 

300398 1 0.9999551 1 

300501 1 0.9999997 1 
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ST Identifier Actual_Class Predicted_Probability Predicted_Class 

600770 1 0.9998668 1 

600777 1 0.9999917 1 

603318 1 0.96307665 1 

603628 1 0.99988085 1 

603986 1 0.9999829 1 

000919 1 0.9999999 1 

002034 1 0.99999946 1 

002223 1 0.99999243 1 

002480 1 0.9999816 1 

002528 1 1 1 

002898 1 0.99996984 1 

300048 1 0.999702 1 

300240 1 0.000909373 0 

300393 1 0.9999907 1 

300456 1 0.99761605 1 

300600 1 0.8487532 1 

600220 1 0.99988574 1 

600351 1 0.9999921 1 

600488 1 0.9993933 1 

600777 1 0.999985 1 

603380 1 0.9999984 1 

603618 1 0.9937391 1 

603959 1 0.9997362 1 

000070 1 0.9999943 1 

000836 1 1 1 

002424 1 0.99999267 1 

002815 1 0.99990034 1 

002822 1 0.9978923 1 

002845 1 0.9991095 1 

002906 1 0.99963313 1 

300048 1 0.9999875 1 

300205 1 0.9523313 1 

300222 1 0.9999997 1 

300250 1 1 1 

300389 1 0.99999934 1 
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##### Main Program ############### 
### Sliding window 

time_steps =8 
X, y = [], [] 
for company in data['Security Name'].unique(): 

    company_data = data[data['Security Name'] == company].sort_values(by='ST Time') 
    company_features = features_scaled[company_data.index] 

    company_target = company_data['ST Identifier'].values 
    for i in range(len(company_features) - time_steps + 1): 
        X.append(company_features[i:i + time_steps]) 

        y.append(company_target[i + time_steps - 1]) 
X = np.array(X) 
y = np.array(y) 

### Custom attention mechanism 
class Attention(Layer): 

    def __init__(self, **kwargs): 
        super(Attention, self).__init__(**kwargs) 
    def build(self, input_shape): 

        self.W=self.add_weight(name='attention_weight',shape=(input_shape[-1], input_shape[-
1]),initializer='uniform', trainable=True) 
        self.b = self.add_weight(name='attention_bias', shape=(input_shape[-1],), 

initializer='uniform', trainable=True) 
        super(Attention, self).build(input_shape) 

    def call(self, x): 
        e = K.tanh(K.dot(x, self.W) + self.b) 
        a = K.softmax(e, axis=1) 

        output = x * a 
        return K.sum(output, axis=1) 
    def compute_output_shape(self, input_shape): 

        return input_shape[0], input_shape[-1] 
### Define activation function optimization model 
def create_model(structure, activation_fn=None, loss_fn=None): 

    if isinstance(activation_fn, str): 
        activation_fn = get_activation(activation_fn) 

    elif not callable(activation_fn): 
        raise ValueError(f"Invalid activation function: {activation_fn}") 
    model = Sequential() 

    if structure == 'CNN-BiLSTM-AT': 
        model.add(Conv1D(64, kernel_size=3, activation=activation_fn, padding='same')) 
        model.add(MaxPooling1D(pool_size=2)) 

        model.add(Dropout(0.5)) 
        model.add(Bidirectional(LSTM(64,return_sequences=True))) 

        model.add(Dropout(0.2)) 
        model.add(Attention()) 
        model.add(Flatten()) 

        model.add(Dense(128, activation=activation_fn)) 
        model.add(Dropout(0.1)) 
        model.add(Dense(128, activation=activation_fn)) 

        model.add(Dropout(0.3)) 
        model.add(Dense(1, activation='sigmoid'))  
    else: 

        raise ValueError(f"Invalid structure: {structure}") 
    model.compile(optimizer='adam', loss=loss_fn, metrics=['accuracy']) 

return model 
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