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ABSTRACT 

  

Small and medium-sized enterprises (SMEs) play a crucial role in 

economic development, driving innovation, employment, and economic growth. 

However, due to their relatively small scale, limited capital accumulation, and lack of 

sufficient collateral, SMEs often face significant challenges in accessing financing. 

Financial institutions encounter difficulties in accurately assessing credit risk and 

designing optimal credit strategies when extending loans to SMEs. Traditional credit 

decision-making approaches typically rely on financial indicators and rule-based 

judgments, failing to fully leverage transaction data and supply chain relationships, 

thereby reducing the efficiency of credit resource allocation. This research aims to 

develop a credit risk assessment and credit strategy optimization model based on the 

Gradient Descent Decision Tree (GDDT) algorithm and nonlinear programming. By 

incorporating machine learning techniques, the proposed model captures non-linear 

and complex relationships within credit data, enhancing the accuracy of credit risk 

evaluation. Simultaneously, optimizing credit strategies through nonlinear 

programming ensures a more rational allocation of credit resources, balancing risk 

control with profit maximization. This study provides technical support for financial 

institutions, advancing intelligent credit decision-making, enhancing SMEs' financing 

capabilities, and contributing to sustainable economic development. 

For objective one, this study determines the risk evaluation index system 

for small and medium-sized enterprises with a history of credit risk, and select 

appropriate models to quantify the risks of these enterprises. The company's credit 

risk will be quantified by the entropy weight method and TOPSIS model, and specific 

calculation steps will be used. Through the mining and cleaning of original data, 

eleven risk assessment indicators are obtained, namely total input price and tax, total 

sales price and tax, total valid invoices, monthly input amount coefficient of variation, 

monthly sales amount coefficient of variation, number of upstream enterprises, 

number of downstream enterprises, total profit, operation time, percentage of valid 

invoices, and credit rating. This study adopts the entropy weight method based on 
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data-driven weight calculation method to assign weights. The weights of the above 

eleven indicators are 0.3078, 0.1819, 0.0011, 0.0018, 0.0058, 0.1017, 0.0023, 0.0939, 

0.1679, 0.1110, and 0.0248 respectively. After obtaining the weights, TOPSIS method 

is used to quantify the credit risk of each enterprise. Then, the research compares the 

results of enterprise quantified risk with the credit rating provided by the original data 

to facilitate verification of the rationality and accuracy of the model. The changing 

trends of the two variables are basically the same, and the degree of fit is very high, 

which shows that the credit risk calculated in this paper is very accurate and the credit 

strategy can be analyzed based on this data. 

For objective two, Based on the evaluation indicators determined in the 

previous research, this research improves the traditional decision tree algorithm by 

adding a regularization function to solve the overfitting problem of the algorithm. It 

establishes a credit risk assessment model with the default probability of the 

enterprise as the dependent variable, and then predicts the probability value of the 

enterprise's default. From the simulation results, the AUC value of the area under the 

ROC curve of Gradient Descent Decision Tree Algorithm reaches 0.99. At the same 

time, the AUC value of the AdaBoost algorithm is 0.97, and the AUC value of the 

traditional decision tree algorithm is 0.82, and The Gradient Descent Decision Tree 

Algorithm works well. Next, this study will use the Gradient Descent Decision Tree 

Algorithm to calculate the default probability of 302 companies without credit 

records. Finally, Using nonlinear programming model to formulate credit strategies 

for 302 enterprises without credit records. 

For objective three, Considering that the production, operation and 

economic benefits of enterprises may be affected by unexpected factors, such as the 

COVID-19 epidemic, we have comprehensively considered the credit risks of 

different industries and enterprise categories and their response strategies to ensure 

that banks can flexibly adjust credit policies in different situations and reduce 

potential risks. In the end, the bank's total loan amount was 100 million yuan, and the 

expected return was 5.4004 million yuan. Compared with normal circumstances, 

considering that the total loan amount of the bank's loan strategy after the policy 

subsidy did not change, the expected return on the loan was reduced by 1.3502 

million yuan. However, this adjustment strategy can help many small and medium-

sized enterprises in dire straits to overcome difficulties. It reflects the bank's great 

sense of responsibility and social responsibility, has produced huge social benefits, 

and further improved the bank's reputation and customer retention rate. From this 

perspective, this strategic adjustment has a positive impact. 

 

Keyword : Credit risk assessment, Small and medium-sized enterprises, Gradient 

descent decision tree algorithm, Nonlinear programming, Entropy weight method 
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Chapter 1 

INTRODUCTION 

This introductory chapter presents a broad overview of the research, setting the 

stage with background and context. It defines the study’s purpose and objectives, 

emphasizing its significance and relevance within today’s financial environment. 

Additionally, the chapter explores the financing challenges encountered by small and 

medium-sized enterprises (SMEs) and underscores the importance of effective credit 

risk management strategies. 

1.1 Overview 

Small and medium-sized enterprises (SMEs), as the most numerous and dynamic 

actors in the market economy, play a pivotal role in fostering employment, enhancing 

public welfare, stabilizing society, driving economic growth, and spurring innovation. 

Recognizing their importance, the State Council of China issued the Opinions on 

Further Strengthening Financial Services for Small and Medium-sized Enterprises to 

boost credit support, improve the financial environment, and mitigate credit risks 

associated with SMEs. In tandem, the China Banking and Insurance Regulatory 

Commission implemented detailed regulations that compel banks to enhance credit 

risk management by refining loan approval processes and improving risk evaluation 

accuracy. These comprehensive policy initiatives highlight the relevance and urgency 

of studying credit risk assessment for SMEs in China and provide a significant policy 

context for such research. 

According to the 2022 Credit Risk Report from the People's Bank of China, by 

the end of 2022, non-performing loans held by SMEs had surpassed 10 trillion yuan, 

with the average non-performing loan rate exceeding 5%. This substantial exposure to 

credit risk underscores the pressing need for thorough investigation and systematic 

evaluation to address the financial vulnerabilities faced by SMEs. Accurate credit risk 

assessment is a critical tool that allows financial institutions to gauge an enterprise's 

repayment capacity and loan default risk. Effective risk evaluation is fundamental for 

ensuring the sustainable development of SMEs and strengthening the risk 

management frameworks of financial entities. 
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This study aims to conduct a comprehensive analysis of the credit risk landscape 

for Chinese SMEs. It delves into core challenges influencing credit risk, including 

information asymmetry, incomplete or inaccurate financial data, imbalances in the 

supply and demand of capital, macroeconomic fluctuations, and policy-related factors. 

Additionally, the research evaluates the suitability of existing credit risk models when 

applied to SMEs within the Chinese market. By designing a refined, comprehensive, 

and scientifically sound risk assessment index system, the study seeks to offer precise 

and objective insights into the risk profile of SMEs. Such a system will provide a 

clearer understanding of current credit risks, facilitating the development of 

actionable strategies to reduce risk exposure, enhance SME sustainability, and 

strengthen financial institutions' risk management practices. Moreover, the findings 

will support policymakers, financial institutions, and SMEs in implementing effective 

credit risk control measures. The broader goal is to contribute valuable references for 

risk management improvement and to foster a healthier financial environment that 

promotes the stable, long-term growth of SMEs, thereby further advancing China's 

economic development and innovation-driven transformation. 

1.2 Background  

Small and medium-sized enterprises (SMEs) have a large scale and are full of 

innovative vitality. They are an important component and core driving force of 

China's economic and social development, playing a crucial role in promoting market 

prosperity, economic growth, supporting export earnings, expanding employment, and 

promoting technological innovation. However, due to factors such as small scale and 

low market share of small and medium-sized enterprises, it is difficult to meet the 

conditions for direct financing. Therefore, in the financing process, they mainly rely 

on indirect financing, such as commercial bank loans. 

1.2.1 Analysis of the current development status of SMEs  

In recent years, small and medium-sized enterprises (SMEs) in China have 

exhibited a clear trend of growth in both quantity and quality, reflecting their 

increasing importance within the national economy. From a quantitative perspective, 

the number of SMEs rose significantly, reaching approximately 433,000 in 2021, 

compared to around 363,000 in 2017—an impressive increase of about 70,000 

enterprises. This expansion highlights the rapid development phase of China’s SME 
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sector. Moreover, the total profits generated by SMEs have demonstrated a general 

upward trajectory over the past several years. The only notable exception occurred in 

2018 when profits experienced a decline, primarily due to the adverse effects of the 

U.S. financial crisis. 

Qualitatively, a growing number of high-caliber SMEs have emerged, 

contributing to industrial innovation and specialized development. Data from the 

Ministry of Industry and Information Technology (MIIT) reveals that nearly 9,000 so-

called “little giant” enterprises—firms recognized for their specialization and 

technological expertise—have been nurtured in recent years. These enterprises, in 

turn, have driven the growth of over 80,000 provincial-level specialized, refined, and 

innovative SMEs across various regions. Notably, nearly 70 "little giant" enterprises 

have received the prestigious National Science and Technology Award, while more 

than 1,500 have actively participated in major national science and technology 

projects, underscoring their critical role in driving technological advancement and 

innovation. 

SMEs have become the backbone of the Chinese economy, representing the 

largest and most dynamic group of enterprises. Their robust development and 

significant contributions to economic vitality are evident. A breakdown of industrial 

enterprises as of the end of 2022 shows that medium-sized enterprises accounted for 

8.82% of the total, small enterprises made up 89.26%, and large enterprises 

constituted only 1.92%. Consequently, SMEs collectively represented a dominant 

98.08% of all industrial enterprises. This overwhelming majority not only highlights 

their extensive market presence but also underscores their pivotal role in shaping 

China’s industrial structure, fostering employment, and driving innovation-led 

growth. The continued expansion and qualitative enhancement of SMEs are critical 

for sustaining the country’s economic momentum and achieving long-term 

development goals. 

1.2.2 Analysis of the Current Situation of Loans for SMEs 

Small and medium-sized enterprises (SMEs) in China continue to face 

significant challenges in accessing loans and financing, which hampers their growth 

and development. One of the primary obstacles is the severe shortage of credit 

allocation from commercial banks to SMEs. Banks, by nature, often prioritize lending 
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to large enterprises due to their economies of scale, stable operations, higher 

creditworthiness, and lower associated risks. This preference leaves SMEs at a 

disadvantage. In addition, the loan application process for SMEs is notoriously 

cumbersome. It involves the submission of extensive financial documentation and 

detailed operational information, coupled with lengthy approval cycles. These 

bureaucratic procedures further complicate the ability of SMEs to secure necessary 

funding in a timely and efficient manner, exacerbating their financial constraints. 

Another significant issue is the limited diversity of loan products available to 

SMEs. Chinese banks primarily offer fixed asset loans, working capital loans, and 

trade financing. While these forms of financing are essential, their narrow scope 

restricts SMEs’ access to alternative financing options. The lack of varied loan types 

makes it difficult for enterprises at different growth stages or with unique financing 

needs to find suitable funding solutions. Without diversified financial products 

tailored to specific requirements, many SMEs struggle to secure adequate capital for 

innovation, expansion, and operational stability. 

Furthermore, indirect financing channels for SMEs remain underdeveloped and 

highly concentrated. Although alternative financing methods, such as leasing, have 

proven effective in addressing medium- to long-term funding needs—especially for 

equipment upgrades and modernization—their adoption in China is still at an early 

stage. Only commercial banks possess sufficient financial resources to offer such 

financing, yet they suffer from outdated business models and a limited range of 

financial products. This lack of innovation and diversification in financial services 

prevents banks from effectively meeting the evolving and varied funding demands of 

SMEs in today’s dynamic economic landscape. 

In summary, SMEs in China face a multifaceted financing dilemma characterized 

by insufficient credit support, a narrow range of loan options, and underdeveloped 

alternative financing mechanisms. Addressing these challenges requires not only 

policy reforms to encourage greater credit allocation to SMEs but also the 

development of innovative, diversified financial products and services tailored to their 

diverse needs. Improving access to financing will empower SMEs to enhance their 

operational capacity, invest in innovation, and contribute more effectively to 

economic growth and industrial upgrading. 
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1.2.3 Analysis of loan disbursement for SMEs in commercial banks 

(1) Analysis of Small and Medium sized Enterprise Loans from Commercial 

Banks in Various Provinces 

By the end of 2022, the total outstanding loans extended by Chinese banking and 

financial institutions to small and medium-sized enterprises (SMEs)—including loans 

for SMEs, individual businesses, and small and micro enterprise owners—amounted 

to an impressive 59.70 trillion yuan. Within this figure, loans classified as inclusive 

for small and micro enterprises, where the total credit limit does not exceed 10 million 

yuan per borrower, reached 23.6 trillion yuan, reflecting a significant year-on-year 

growth rate of 23.6%. This rapid expansion demonstrates the increasing emphasis on 

supporting smaller businesses through targeted financial measures. 

A geographical breakdown highlights five provinces leading in inclusive small 

and micro enterprise loans: Zhejiang, Guangdong, Jiangsu, Shandong, and Fujian, 

together accounting for over half of the nation’s total loan balance for small and micro 

enterprises. Among these, Zhejiang Province stands out for its innovative approach in 

creating a comprehensive policy framework tailored to differentiated financial 

services. For the first time, Zhejiang has developed a specialized system featuring 

seven distinct loan models designed specifically for small and micro enterprises. 

Central to these efforts is the strategic application of technology-driven solutions to 

enhance financial inclusion. By leveraging local financial service platforms and big 

data analytics, Zhejiang has significantly increased the availability of "credit loans" 

that do not require traditional forms of collateral. This approach marks a departure 

from conventional risk management strategies heavily reliant on collateral-based 

lending and the pawn culture. 

Through such innovations, Zhejiang has expanded the diversity and reach of 

credit loan products, thereby improving the financial ecosystem for SMEs. The use of 

big data not only optimizes risk assessment but also reduces the information 

asymmetry that historically hindered small businesses from accessing adequate 

financing. By embracing these advanced methodologies, financial institutions in 

Zhejiang have been able to broaden their business operations, promote product 

innovation, and provide more substantial support for SME growth and development. 
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Overall, these measures reflect a broader national trend toward fostering an 

inclusive financial environment for SMEs. The dynamic evolution of lending 

practices, particularly in Zhejiang and other leading provinces, underscores the 

importance of adopting technology-enhanced, data-driven models to ensure more 

efficient and accessible credit solutions. Such frameworks play a pivotal role in 

empowering SMEs to overcome financing barriers, stimulate economic growth, and 

drive innovation, thereby contributing to the long-term stability and sustainability of 

China's economy. 

(2) Analysis of Small and Medium sized Enterprise Loans from Commercial 

Banks in Various Years 

Between 2019 and 2022, the loan volume for small and medium-sized 

enterprises (SMEs) in China exhibited a consistent upward trajectory, characterized 

by steady and gradual growth without pronounced fluctuations. At the start of this 

period, the total SME loan balance stood at approximately 9.9 trillion yuan in the first 

quarter of 2019. By the fourth quarter of 2022, it had surged dramatically to around 

23.6 trillion yuan, representing a substantial increase of roughly 13.7 trillion yuan 

over three years. This remarkable expansion underscores the persistent and robust 

demand for financing among SMEs in China. As these enterprises continue to develop 

and expand, their increasing need for credit will play a pivotal role in driving national 

economic growth and fostering industrial transformation and upgrading. 

Despite the strong growth momentum and vibrant development of SMEs, a 

significant mismatch persists between the funding needs of these enterprises and the 

availability of bank loans, highlighting a persistent financing gap. Banks, while 

remaining the primary source of credit for SMEs, have struggled to fully meet their 

growing financial demands. Although alternative financing mechanisms, such as 

private equity, venture capital, and supply chain financing, offer additional funding 

avenues, they are often accompanied by high costs, limited accessibility, and various 

constraints, which prevent them from fully addressing the financing challenges faced 

by SMEs. Consequently, many SMEs remain underfunded, and the actual loans they 

secure are frequently insufficient to support their operational and expansion needs. 

Moreover, access to capital markets through instruments such as stocks and 

bonds presents additional hurdles for SMEs. These challenges include stringent 
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qualification requirements, complex issuance procedures, and difficulties with sales 

and distribution. As a result, many SMEs find it challenging to leverage these 

channels for financing. Given these limitations, bank loans remain the most practical, 

reliable, and efficient financial resource for SMEs. They offer comparatively lower 

costs, fewer risks, and higher accessibility, making them indispensable for securing 

working capital and investment funds. 

In conclusion, while the demand for SME financing continues to rise in tandem 

with their growth and innovation, addressing the structural constraints of the current 

financial system is critical. Enhancing the availability of tailored bank loans, coupled 

with reforms to diversify and improve alternative financing channels, will be essential 

to fostering a more supportive financial environment. This will not only alleviate 

funding shortages but also strengthen the long-term sustainability of SMEs, ultimately 

contributing to economic resilience and industrial upgrading in China. 

1.2.4 Current situation of credit risks for SMEs in commercial banks  

(1) Overall situation of non-performing loans 

Non-performing loans (NPLs) refer to loans issued by financial institutions, such 

as commercial banks, that are at risk of becoming irrecoverable due to the borrower's 

inability to fulfill repayment obligations or pay interest as originally agreed. These 

loans are typically categorized into five distinct stages based on factors like the 

borrower’s creditworthiness, the state of their business operations, and the loan's 

repayment status. These categories are: normal loans, special attention loans, 

substandard loans, doubtful loans, and loss loans. To gain a deeper understanding of 

the current credit risk landscape in Chinese commercial banks, this study compiled 

data on NPLs from 2018 to 2022, which is presented in Table 1. This analysis aims to 

explore the trends and implications of NPLs over the specified period, providing 

insights into the evolving credit risk environment within the sector. 
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Table 1 Statistical Table of Non-Performing Loans of Commercial Banks from 2018 to 

2022 (Unit: 100 million yuan) 

Project/Year 2018 2019 2020 2021 2022 

Total loans 1306535 436405 563129 721118 888714 

Balance of non-performing loans 77889 91731 108850 112595 118403 

Subordinated loans 31949 37269 50790 51642 55316 

Doubtful 34530 40058 42460 44396 45859 

loss loan 11410 14404 15600 16557 17228 

（Data source: State Administration of Financial Supervision and Administration of China） 

According to Table 1, since 2018, the non-performing loans of China's 

commercial banks have been on the rise year by year. Especially in 2020, due to the 

impact of the COVID-19, the business environment of enterprises is bad, the 

operating income has declined significantly, and even some enterprises cannot operate 

normally, leading many enterprises to face the dilemma of tight cash flow, and it is 

difficult to repay loans on time. This is also an important reason for the increase of 

approximately 1.7 trillion yuan in non-performing loans in 2020 compared to 2019. 

The increase in loan growth in China indicates that commercial banks are facing 

increasingly high credit risks. Not only are there more and more defaulting 

enterprises, but it also indicates that there are obvious deficiencies in the risk 

management level of commercial banks. 

(2) Analysis of credit risks for small and medium-sized enterprises 

With the continuous expansion in both the scale and number of small and 

medium-sized enterprises (SMEs) in China, the growth in financing available to these 

businesses has not kept pace with their development, creating a significant and 

persistent mismatch between credit supply and demand. This imbalance has become a 

central issue in the lending relationship between commercial banks and SMEs, posing 

critical challenges for financial institutions aiming to balance profitability with risk 

management. Addressing this discrepancy requires a comprehensive analysis of the 

credit risk associated with lending to SMEs by commercial banks, as these businesses 

inherently carry unique financial vulnerabilities and operational uncertainties. 

Among China’s financial institutions, the six major state-owned banks—known 

for their vast financial resources, extensive networks, and skilled manpower—play a 

pivotal role in the nation's financial ecosystem. These banks represent essential 

channels for providing funding to SMEs. Enhancing their commitment to SME credit 
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allocation would have far-reaching positive effects, including bolstering SMEs’ access 

to financing, strengthening their capacity for innovation, boosting competitiveness, 

and ultimately accelerating the transformation and upgrading of the real economy. 

As shown in Table 2, China Construction Bank leads the market in terms of 

inclusive small and micro enterprise loan volume, with a total loan balance exceeding 

2 trillion yuan by the end of 2022. This remarkable performance places it ahead of 

other state-owned banks, including Agricultural Bank of China, Industrial and 

Commercial Bank of China, Bank of China, and Postal Savings Bank of China, which 

also maintain significant but comparatively smaller loan portfolios. In contrast, 

institutions such as Bank of Communications and China Merchants Bank exhibit 

lower volumes of loans to small and micro enterprises, reflecting variations in their 

strategic focus and lending priorities within the SME financing sector. 

The disparities in loan distribution among these banks highlight the critical need 

for more balanced and proactive credit policies tailored to SMEs. If major financial 

institutions increase their lending to this sector, it could significantly enhance the 

financial resilience and operational growth of SMEs. Additionally, adopting 

innovative risk assessment models and leveraging financial technology to streamline 

credit processes would further reduce the barriers to financing. These measures would 

not only alleviate the long-standing financing difficulties of SMEs but also foster a 

more dynamic, sustainable, and competitive economic environment by ensuring that 

financial resources are more effectively aligned with the real economy’s development 

needs. 

Table 2 Statistical Table of Inclusive Small and Micro Enterprise Loans from Major 

Commercial Banks in China (Unit: 100 million yuan) 

Project/Year 2018 2019 2020 2021 2022 

China Construction Bank 6310.17 9631.55 14523.55 19022.99 23799.75 

Agricultural Bank of China 4937.00 5923.00 9615.20 13219.62 17689.94 

Industrial and Commercial Bank 

of China 
3216.85 4715.21 7452.27 10990.12 15503.16 

Bank of China 3042.00 4129.00 6117.00 8815.00 12283.00 
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Project/Year 2018 2019 2020 2021 2022 

Postal Bank of China 5400.00 6531.85 8012.47 9606.02 11818.94 

China Merchants Bank 3931.75 4533.29 5306.50 6011.00 6783.49 

Bank of Communications of 

China 
1081.33 1639.52 2607.53 3388.19 4562.39 

（Data source: official websites of major commercial banks） 

The credit risk faced by small and medium-sized enterprises (SMEs) 

encompasses a broad range of risk categories, including market risk, operational risk, 

credit risk, liquidity risk, and legal risk. These risks are not isolated but 

interconnected, creating a complex web of challenges that require financial 

institutions and commercial banks to adopt a holistic approach to risk management in 

order to mitigate the overall credit risk associated with SME lending effectively. 

Firstly, market risk arises from fluctuations in the external business environment, 

which can lead to unstable operations and financial instability. Factors contributing to 

market risk include shifting consumer demand, intensified competition, and 

unpredictable price changes. Unlike large enterprises with diversified resources, 

SMEs typically operate with limited financial buffers. Consequently, any adverse 

market shift can result in substantial financial strain, directly increasing their credit 

risk exposure. This vulnerability makes it imperative for SMEs to develop agile 

strategies and for lenders to carefully evaluate market conditions when assessing 

creditworthiness. 

Secondly, operational risk stems from internal inefficiencies, poor management 

practices, and errors in daily business operations. SMEs, due to their smaller 

management teams and limited organizational structures, often experience weaker 

control over critical functions, including workflow management, quality assurance, 

and risk monitoring. Failure to adapt to evolving market demands or identify key 

operational vulnerabilities exacerbates this risk. Financial institutions must consider 

these factors when designing tailored credit risk assessment models that account for 

the operational fragility of SMEs. 

Thirdly, credit risk, perhaps the most direct and significant category, involves the 

borrower’s inability to repay the principal and interest on loans as agreed. SMEs, 

constrained by limited revenue streams and scarce financing options, often struggle to 



 

 

 
 11 

maintain stable cash flow. Factors such as funding shortages, declining profitability, 

or insolvency frequently lead to loan default. Credit institutions need to implement 

robust evaluation frameworks that account for the cyclical nature of SME revenues 

and proactively manage credit exposure. 

Next, liquidity risk refers to a borrower’s potential inability to meet short-term 

financial obligations due to an insufficient cash reserve. SMEs are particularly 

susceptible to liquidity crises due to their narrow capital bases and restricted access to 

diverse financing channels. A sudden disruption in the cash flow pipeline, such as 

delayed receivables or unexpected expenses, can trigger severe financial distress, 

potentially culminating in bankruptcy or forced liquidation. Financial institutions 

must prioritize liquidity risk analysis and offer flexible lending terms or revolving 

credit lines to mitigate this threat. 

Finally, legal risk involves exposure to penalties, losses, or reputational damage 

due to non-compliance with laws, regulations, or contractual obligations. SMEs, with 

their limited legal expertise and smaller compliance infrastructures, often 

underestimate or misunderstand the complexities of regulatory frameworks and 

contract stipulations. When legal disputes arise, the repercussions can be 

disproportionately severe, affecting both the borrowing enterprise and the lending 

institution. Providing SMEs with legal guidance and incorporating legal risk 

assessments into credit evaluation practices can help reduce this exposure. 

In summary, SMEs face a multifaceted credit risk landscape where various types 

of risks—market, operational, credit, liquidity, and legal—intertwine to shape their 

financial stability. Commercial banks and financial institutions must adopt 

comprehensive risk management strategies that not only address individual risk 

components but also consider their interdependencies. Enhancing risk prediction 

models with sector-specific insights, offering customized financial products, and 

integrating advanced financial technologies can improve the resilience of SMEs while 

safeguarding the interests of lenders. This approach will contribute to a more 

sustainable and robust financial environment, fostering growth and innovation among 

SMEs while minimizing systemic financial risks. 

1.3 Problem Statement 

(1) Lack of scientific in evaluation data 
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Small and medium-sized enterprises are important economic entities in China, 

but compared to large enterprises, their financial management capabilities and 

financial data openness are relatively low. Many small and medium-sized enterprises 

have almost no complete and accurate financial data records and reports, which 

directly affects the assessment of their credit risk by banks. 

(a) Incomplete financial data for small and medium-sized enterprises 

Small and medium-sized enterprises (SMEs) often face limitations in terms of 

resources and capabilities, which can result in deficiencies in their financial 

management practices. For instance, these businesses may not prepare financial 

statements in accordance with internationally recognized accounting standards, and 

their financial records may be incomplete or not regularly updated. Such 

inconsistencies make it challenging for banks to fully assess the financial health and 

operational performance of SMEs. As a result, banks are unable to acquire a clear and 

accurate picture of the businesses' financial status, which hinders their ability to make 

informed, data-driven decisions. The lack of reliable and comprehensive financial 

information further complicates the process of evaluating the creditworthiness of 

SMEs, making it difficult for financial institutions to assess risks with precision. 

(b) Inaccurate financial data for small and medium-sized enterprises 

Many small and medium-sized enterprises may encounter problems such as 

carelessness and lack of professional knowledge in financial management, such as 

inaccurate accounting processing and non-standard accounting records. This situation 

will affect commercial banks' understanding of accurate financial information of 

enterprises, leading to erroneous judgments in credit evaluation, and thus having a 

significant impact on whether banks can provide credit services such as loans to 

enterprises, thereby affecting the financing activities of enterprises. Due to the 

incompleteness and inaccuracy of financial data for small and medium-sized 

enterprises, it greatly increases the difficulty for banks to assess their credit risk and 

also weakens the acquisition rate of bank loans for small and medium-sized 

enterprises. 

(c) Many small and medium-sized enterprises may even have false financial 

statement data 
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Firstly, if the financial statements of small and medium-sized enterprises contain 

situations such as concealing liabilities, exaggerating assets or income, it will cause 

commercial banks to lose accuracy in conducting credit evaluations, and cannot 

reflect the true financial status and risk level of the enterprise. Secondly, false 

financial statements can provide commercial banks with incorrect operational data, 

making it difficult for them to accurately assess key indicators such as a company's 

profitability, debt repayment ability, and cash flow status. As a result, they cannot 

predict the company's future repayment ability and operational stability, increasing the 

risk of credit defaults and losses. Finally, false financial data may lead to deviations in 

the risk management of small and medium-sized enterprises by commercial banks. If 

banks make incorrect assessments of enterprise risks based on false data, it may lead 

to excessive lending, exceeding credit limits, and increasing the risk of credit default 

and fund loss. This will bring important risks and adjustments to the financial stability 

and healthy operation of commercial banks. 

(2) The singularity of evaluation methods 

At present, commercial banks often use traditional qualitative and quantitative 

analysis for credit risk assessment of small and medium-sized enterprises, lacking 

more scientific and systematic methods and tools. For example, many commercial 

banks rely on financial data, industry conditions, and business experience to evaluate 

the credit risk of small and medium-sized enterprises. This method often lacks 

objectivity and scientificity, making it difficult to improve accurate and 

comprehensive risk prediction. 

(a) Limitations of financial indicators 

Financial indicators mainly reflect the past operating conditions of a company 

and cannot comprehensively predict and measure its future performance. Financial 

indicators such as net profit and debt to asset ratio can only provide relevant local 

information about the enterprise, and cannot fully understand key indicators such as 

profitability, solvency, and cash flow status of the enterprise. In addition, financial 

indicators are also easily affected by corporate financial fraud, false financial 

statements, etc., which will further reduce the accuracy of credit risk assessment to a 

certain extent. 

(b) Neglecting the impact of non-financial factors 
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The operational risks of small and medium-sized enterprises are influenced by 

various factors, such as market competitiveness, industry development trends, 

business models, and management capabilities. However, traditional financial 

indicator evaluation methods only focus on the financial condition of the enterprise, 

ignoring the impact of these non-financial factors. For example, a company may have 

a good financial condition, but due to fierce industry competition or improper 

business strategies, there is still a high level of credit risk. 

(c) Blindly applying credit risk assessment methods of large enterprises to small 

and medium-sized enterprises 

The credit risk assessment model of commercial banks in China still focuses on 

large enterprises as the main research object, and lacks targeted applications for small 

and medium-sized enterprises. Small and medium-sized enterprises (SMEs) are the 

group with the highest number, employment, and activity in the market, playing a 

crucial role in economic development, employment, and entrepreneurship. However, 

due to the differences in business management, market size, and credit records 

between small and medium-sized enterprises and large enterprises, credit risk 

assessment models based on large enterprises cannot be fully applicable to small and 

medium-sized enterprises. 

(3) Limitations of the evaluation process 

The credit evaluation process for small and medium-sized enterprises (SMEs) 

conducted by commercial banks is intricate and time-consuming, typically 

encompassing several key stages: information collection and preliminary screening, 

credit assessment and loan demand analysis, risk evaluation and investigation, 

condition review and loan approval, as well as continuous monitoring and risk 

management. Given the complexity and length of this process, multiple challenges 

and inefficiencies can arise, affecting the accuracy and effectiveness of credit risk 

assessment for SMEs. 

(a) Insufficient Technological Support for Evaluation Tools 

One major limitation is the lack of advanced technological infrastructure to 

support automated credit evaluation. Currently, many commercial banks still rely 

heavily on manual operations for processing SME credit applications. In the absence 

of intelligent, data-driven risk assessment platforms, credit officers must invest 
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substantial time and effort into evaluating risk. This manual approach makes the 

process cumbersome, inefficient, and prone to human error. The potential for 

inaccuracies, omissions, and inconsistencies not only depletes valuable human 

resources but also undermines the reliability of credit decisions, increasing the 

likelihood of misjudging an enterprise’s actual creditworthiness. Adopting 

technology-driven tools and artificial intelligence-based systems could significantly 

improve the speed, accuracy, and scalability of credit evaluations. 

(b) Incomplete evaluation indicators 

A prevalent issue in SME credit risk assessment is the overemphasis on financial 

indicators while other critical factors are insufficiently considered. Commercial banks 

often focus primarily on metrics such as revenue, profitability, and debt ratios, while 

neglecting qualitative aspects of business operations. Important dimensions like the 

enterprise's business model, market positioning, competitive advantage, innovation 

capabilities, and the quality of management receive inadequate attention. This narrow 

focus results in incomplete evaluations that fail to capture the holistic risk profile of 

SMEs. A more comprehensive evaluation framework that integrates both financial and 

non-financial factors would provide a clearer and more accurate assessment of credit 

risk. 

(c) High Subjectivity and Individual Discrepancies in Evaluation Results 

Another significant drawback is the heavy reliance on subjective judgment by 

credit officers, which introduces variability and inconsistency in assessment 

outcomes. Since credit evaluations are influenced by the experience, professional 

expertise, and personal judgment of individual credit staff, discrepancies often emerge 

in risk assessments of the same enterprise by different personnel. Furthermore, biases, 

attitudes, and emotional factors can inadvertently affect credit decisions, leading to 

inconsistency and unpredictability. This subjectivity compromises the objectivity of 

credit risk analysis and increases the likelihood of unfair or inaccurate evaluations. 

Standardizing assessment criteria, enhancing staff training, and implementing data-

driven decision-making models can help mitigate these issues, promoting greater 

fairness and consistency in credit evaluations. 

1.4 Research Questions 

From the previous discussion, this study has the following research questions: 
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Question 1: Initially, various business and financial indicators for each enterprise 

are extracted from the transaction bill data in the provided annexes. These indicators 

are then carefully filtered for relevance. Subsequently, this study enhances the 

traditional decision tree model by incorporating a regularization term, which helps to 

control the complexity of the decision tree. To further improve prediction accuracy, an 

ensemble learning approach is employed, wherein multiple weak decision tree 

classifiers are stacked together. This model is then optimized iteratively using a 

gradient descent algorithm, ultimately resulting in a strong classifier. 

Based on a supervised learning framework, a credit risk assessment model is 

developed, with the objective function focused on calculating the default probability 

for each enterprise. This model is applied to determine the default probability of the 

enterprises listed in Annex 1, offering insights into their respective credit risks. The 

next step involves training the model using the data from Annex 1 (enterprises with 

existing credit records) and then applying the trained model to rate the enterprises in 

Annex 2 (enterprises without prior credit records). 

Finally, the developed credit risk assessment and credit strategy models are used 

to evaluate the credit risk of each enterprise. The resulting analysis informs the bank's 

optimal credit strategy, maximizing the expected return for the bank. The model 

ultimately provides a detailed strategy for managing credit risk and determining the 

appropriate credit allocation. 

Question 2: The financial performance and operational stability of enterprises 

may be influenced by unforeseen external factors, which can vary in their impact 

across different industries and business categories. These unexpected events, such as 

the COVID-19 pandemic, may have significantly different effects on enterprises, 

depending on their industry and sector. In this context, the credit risk of the 

enterprises in Annex 2 (those without prior credit records) is reassessed, taking into 

account the potential disruptions caused by such sudden events. Given a total annual 

credit allocation of 100 million yuan, this research proposes an adjusted credit 

strategy for the bank. The strategy considers both the default risk of these enterprises 

and the anticipated effects of external factors, ensuring that the bank's credit decisions 

are dynamically aligned with the broader economic environment. 
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1.5 Research Objectives 

(1) The first step involves establishing a comprehensive risk evaluation index 

system tailored specifically for small and medium-sized enterprises (SMEs). This 

system aims to capture the unique financial and operational risks faced by SMEs. 

Based on this system, appropriate models are selected to effectively quantify and 

assess the various risk factors that may influence the stability and creditworthiness of 

these enterprises. 

(2) Utilizing statistical data, a robust mathematical model is then developed to 

inform the bank’s credit strategy decisions. This model assists in determining key 

parameters such as loan limits, interest rates, and loan terms. The goal is to strike a 

balanced approach that maximizes the bank’s profitability while minimizing 

associated risks. Through this process, the model ensures a careful alignment between 

risk management and return optimization, ultimately fostering sound credit practices. 

(3) Recognizing that external and unexpected events, such as the COVID-19 

pandemic, can significantly affect the production, operation, and overall financial 

health of businesses, it becomes crucial to account for these unpredictable disruptions 

in credit risk assessments. In this regard, the credit risks across different industries and 

business categories are thoroughly analyzed, alongside the development of 

corresponding strategies for mitigating these risks. This approach ensures that banks 

remain agile, able to adjust credit policies according to specific circumstances, and 

safeguard themselves against potential adverse outcomes. 

1.6 Significance of the Study 

Through the introduction of the research content in this article, the main 

significance and contribution of the research work are as follows: 

(1) Theoretical significance 

This research introduces a novel approach to credit risk assessment for small and 

micro enterprises (SMEs) by incorporating non-financial indicators. These indicators, 

specifically innovative information and business models, are crucial for evaluating the 

creditworthiness of SMEs, which have traditionally been underrepresented in 

financial assessments. The study proposes advanced models for processing 

unstructured data, including text feature extraction models, keyword extraction 

models, and semantic matching techniques, enabling the analysis of textual business 
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indicators and other non-financial variables. Through an extensive review of 

literature, case studies of SMEs, and the analysis of enterprise information 

disclosures, four distinct risk characteristics of Chinese small and micro enterprises 

are identified. 

Building upon this, the research introduces a more comprehensive set of non-

financial indicators for credit risk evaluation, which includes key elements of 

innovation and business models. These enterprises play a pivotal role in economic 

development, but their small scale, lack of collateral, and often irregular financial data 

present significant challenges for traditional credit risk assessments. Conventional 

methods typically rely on limited financial data and subjective judgment, leading to 

inaccurate assessments, prolonged approval times, and inefficiencies. By integrating 

upstream and downstream invoice data, along with data mining and statistical models, 

this research enables the incorporation of diverse factors such as transaction behavior, 

operational performance, and supply chain stability into the credit risk evaluation 

framework. This leads to a more holistic, objective, and precise credit risk assessment 

model. Ultimately, the study aims to enhance the credit risk assessment system for 

small and micro enterprises, improving both the accuracy and efficiency of these 

evaluations. 

(2) Practical significance 

In its practical application, this research provides a structured framework and 

process for credit risk evaluation tailored specifically to small and micro enterprises. 

This framework can be directly applied to real-world scenarios, offering enhanced 

accuracy in the credit risk assessments of such enterprises. Furthermore, it provides 

innovative tools for government bodies and financial institutions, equipping them 

with more effective methods for evaluating credit risk. The research also includes 

empirical validation using actual data, ensuring the results are directly applicable to 

data mining practices within industrial sectors and financial institutions. This makes 

the research highly relevant for improving credit risk management practices within 

these industries. 

In conclusion, the findings from this research significantly contribute to both the 

theoretical understanding and practical application of credit risk assessment for small 

and micro enterprises. The theoretical insights into the risk characteristics of these 



 

 

 
 19 

enterprises provide a deeper understanding of their unique financial and operational 

challenges. On the practical side, the proposed models and frameworks offer 

actionable solutions for financial institutions, enabling more accurate assessments of 

credit risk. The outcomes of this study hold substantial practical value for the 

financial sector, providing an important reference for enhancing enterprise credit risk 

management strategies. 

 1.7 Scope of the Study 

A bank has allocated a loan fund of 100 million yuan to provide financing to 

enterprises, with interest rates ranging between 4% and 15% annually. The loan term 

is set at one year. To develop an effective credit strategy, the bank analyzes data from 

123 enterprises that have established credit histories, alongside 302 enterprises 

lacking such records. Additionally, the bank incorporates 2019 statistical data that 

illustrates the relationship between loan interest rates and customer churn rates, as 

well as the actual data provided in the annexes. 

To study the optimal credit strategy for small and medium-sized enterprises 

(SMEs), a mathematical model is developed. The primary objective of this model is to 

quantify the credit risk associated with the 123 enterprises with credit histories. This 

allows the bank to determine a tailored credit strategy for these businesses, 

considering the fixed annual total credit allocation. Through this analysis, the bank 

can more accurately define the optimal loan terms, including the appropriate loan 

limits and interest rates for each enterprise. 

Building on this foundation, the model is then extended to analyze the 302 

enterprises without prior credit records. By assessing the credit risk of these 

companies, the bank can establish a corresponding credit strategy under the same total 

annual credit cap of 100 million yuan. This process ensures that both groups of 

enterprises—those with established credit histories and those without—are considered 

within the bank’s overall credit framework. 

In addition, the study incorporates the potential impact of unforeseen external 

factors, such as the COVID-19 pandemic, which could significantly disrupt the 

production, operations, and financial stability of enterprises. The effect of such 

disruptions can vary across different industries and types of businesses. Therefore, the 

credit risk of the 302 enterprises is reassessed with these potential external factors in 
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mind. By factoring in these risks, the bank is able to adjust its credit strategy to better 

account for such uncertainties. 

Ultimately, the study provides a comprehensive revised credit adjustment 

strategy that ensures the bank optimally allocates the 100-million-yuan annual credit 

limit. This strategy accounts for both internal credit risks and external disruptions, 

allowing the bank to mitigate potential financial risks while supporting the growth of 

SMEs. 

1.8 Structure of the Proposal 

Chapter1: This opening chapter provides an overview of the research, 

introducing the background and context of the study. It outlines the research purpose 

and objectives, explaining the significance and relevance of the study in the current 

financial landscape. The chapter also highlights the challenges faced by small and 

medium-sized enterprises (SMEs) in securing financing and the need for effective 

credit risk management strategies.  

Chapter 2: This chapter presents a comprehensive review of existing literature 

related to the credit risk of SMEs. It explores various definitions and frameworks of 

credit risk, with a focus on the specific challenges SMEs face in obtaining credit. 

Additionally, it discusses relevant statistical methods and theories used to assess credit 

risk, highlighting the key findings from previous research. The chapter concludes by 

identifying the research gaps in current literature, establishing the foundation for the 

methodology employed in this study. 

Chapter 3: In this chapter, the research methodology is discussed in detail. It 

includes an overview of the data sources used in the study, the variables considered, 

and the steps involved in applying the methodology. The chapter also presents the 

workflow chart, outlining the process followed to construct the credit risk model and 

derive actionable insights. This section provides clarity on how the research was 

conducted and the rationale behind the chosen methods. 

Chapter 4: This chapter presents the results of the research, including the 

development and quantification of the credit risk indicator system. It provides an in-

depth analysis of the credit strategies based on the risk profiles of SMEs. 

Furthermore, the chapter examines how unexpected factors, such as economic 

disruptions or global crises, can influence credit strategies and the associated risk 
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assessments. The discussion draws on the findings to propose effective strategies that 

balance risk and return for both SMEs and financial institutions. 

Chapter 5: The final chapter discusses the conclusions drawn from the research. 

It synthesizes the key findings and presents strategic recommendations from multiple 

perspectives to help SMEs navigate the challenges of obtaining bank loans. The 

chapter emphasizes how the proposed strategies can reduce credit risk for banks while 

facilitating smoother access to financing for small and medium-sized enterprises. It 

also suggests areas for future research and potential improvements in credit risk 

management practices. 

 

 

 

 

 

  



 

 

 
 22 

Chapter 2 

LITERATURE REVIEW 

This chapter provides an in-depth review of existing literature on SME credit 

risk. It examines different definitions and conceptual frameworks, emphasizing the 

unique challenges SMEs encounter when seeking credit. Additionally, it explores key 

statistical methods and theoretical approaches used for credit risk assessment, 

summarizing significant findings from prior research. The chapter concludes by 

identifying gaps in the current literature, laying the groundwork for the study’s 

research methodology. 

2.1 Definition of SMEs Credit Risk 

The study of credit risk among small and medium-sized enterprises (SMEs) has 

garnered significant scholarly attention, driven by the need to address both economic 

and non-economic factors that influence their creditworthiness. Methodologically, 

while economic factors are easier to quantify and dominate much of the research, 

challenges persist in assessing the more complex and less tangible elements, such as 

interest rate risk causality and the impact of social barriers. These difficulties often 

hinder a thorough and nuanced understanding of SME credit risk. For example, Belás 

et al. (2018) conducted an empirical analysis of 352 firms operating in the Czech 

business environment, utilizing structural equation modeling (SEM) as the primary 

analytical tool. Their findings underscore that the management of credit risk in SMEs 

is influenced by a range of non-economic factors, with a particular emphasis on 

education and family background. These social dimensions, alongside more 

traditional economic factors like banking relationships, capital, and financial literacy, 

significantly shape the effectiveness of credit risk management strategies. 

Specifically, the study revealed that payment discipline and the ability to navigate 

financial systems are crucial in managing credit risk. In another significant study, 

Fernandes and Artes (2016) focused on Brazilian SMEs, investigating both their 

geographical location and the default risk associated with their operations. They 

applied a localized default risk metric, utilizing the ordinary kriging method in 

combination with a logistics credit scoring model. Their research demonstrated that 

the incorporation of a localized risk variable could greatly enhance the accuracy and 
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performance of credit scoring models, offering valuable empirical evidence to support 

the refinement of SME credit risk assessment tools. Zhao et al. (2022) shifted the 

focus to SMEs involved in supply chain finance (SCF), proposing a new credit risk 

evaluation index system tailored to this context. By selecting a broad range of 

indicators that account for both qualitative and quantitative aspects of SMEs, the 

study established a comprehensive evaluation system. This model was designed to 

effectively manage and mitigate risks for banks involved in supply chain finance, 

offering a more holistic approach to credit risk assessment in this specialized domain. 

Gonçalves (2016) took an innovative approach by employing cognitive mapping 

techniques alongside the interactive multi-criteria decision-making (TODIM) method. 

This approach led to the development of a decision support system aimed at 

improving the credit evaluation process for SMEs. The model not only enhances the 

efficiency of credit decision-making but also introduces a more transparent and 

informed risk assessment, making it easier for financial institutions to evaluate SME 

credit applications with greater accuracy. Finally, considering the essential role of 

SMEs in national economies and their significant inclusion in the New Basel Capital 

Accord, Altman and Sabato (2007) devised a distress prediction model specifically 

designed for SMEs. This one-year default prediction model, built upon financial 

indicators unique to SMEs, was shown to outperform generic corporate models in 

terms of predictive accuracy. The study highlighted the importance of selecting the 

most relevant financial variables, underscoring the need for models that are 

specifically tailored to the distinctive characteristics of SMEs. 

Together, these studies provide a multi-dimensional and multi-faceted approach 

to credit risk management for SMEs, thus laying a solid theoretical foundation for the 

introduction of dependency models for important social and economic factors. 

2.2 Statistical Methods Theory 

2.2.1 Decision Tree Algorithm 

Decision tree is a machine learning algorithm based on a tree structure for 

classification and regression problems. The basic idea is to construct a tree structure 

by dividing the data layer by layer so that each leaf node corresponds to a category 

(classification problem) or a value (regression problem). One of the proposers of 

decision trees is Ross Quinlan, who proposed the ID3 (Iterative Dichotomise 3) 
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algorithm in 1986. The theoretical basis of decision trees is derived from the concepts 

of Entropy and Information Gain in Information Theory. The goal of a decision tree is 

to reduce the purity (or uncertainty) of the target variable in each partitioned subset by 

selecting appropriate features to partition the data. Information Gain measures the 

reduction in entropy that results from the use of a particular feature for partitioning, 

and the feature with the greatest information gain is selected for partitioning. This 

usually involves a partitioning criterion, one common one being Entropy or Gini 

Impurity. The information gain is 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = − ∑ 𝑝𝑖
𝑐
𝑖=1 𝑙𝑜𝑔2(𝑝𝑖), where 𝑆 is the 

dataset of the current node, 𝑐 is the number of categories, and 𝑝𝑖 is the percentage of 

the ith category in the node. Gini impurity:𝐺𝑖𝑛𝑖(𝑆) = 1 − ∑ 𝑝𝑖
2𝑐

𝑖=1 , where 𝑆 is the 

dataset of the current node, 𝑐 is the number of categories, and 𝑝𝑖  is the percentage of 

the ith category in the node. 

Decision trees are usually generated using a recursive approach. The optimal 

features and division points are selected at each node, and then the same operation is 

performed recursively on the child nodes until the stopping conditions are met (e.g., 

maximum depth is reached, the number of samples in the node is less than a certain 

threshold, etc.). 

The advantage is that it is easy to understand and interpret, presenting an 

intuitive tree structure. It does not require much preprocessing of the data, and is able 

to handle numerical and sub-typical features. The disadvantage is that it is easy to 

overfitting, especially when dealing with data with complex relationships. Sensitive to 

outliers, which may lead to instability. May produce highly complex trees, leading to 

overfitting of training data. Decision trees are an intuitive and easy to understand 

machine learning algorithm for classification and regression problems. It generates a 

tree structure by recursively selecting the optimal features and division points, but 

requires attention to overfitting and sensitivity to outliers. Common decision tree 

algorithms include ID3, C4.5, and CART. Each algorithm has unique strengths, 

making them suitable for different types of datasets and tasks. For example, C4.5 is 

often preferred for handling mixed-type data, while CART is widely used for its 

simplicity and effectiveness in binary splits. 
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2.2.2 AdaBoost Algorithm 

AdaBoost, short for Adaptive Boosting, is a meta-algorithm used in statistical 

classification. It was developed by Yoav Freund and Robert Shapira in 1995, a 

pioneering contribution that led to them receiving the prestigious Gödel Prize in 2003. 

The primary objective of AdaBoost is to improve the performance of weaker learning 

algorithms, often referred to as 'weak learners,' by combining the results of these 

learners in a weighted manner to produce a final, robust prediction. This final 

prediction is based on the weighted sum of the individual learners' outputs, resulting 

in a more accurate and reliable classifier. 

Although AdaBoost is most commonly used in binary classification tasks, its 

versatility allows it to be extended to handle multiclass classification problems or 

even predict continuous values within a bounded range on the real number line. The 

key feature that makes AdaBoost adaptive is its ability to focus more on the instances 

that were misclassified by previous weak learners. This adaptation process allows 

AdaBoost to iteratively refine the model by emphasizing harder-to-classify data 

points, which helps to correct errors in the earlier stages of learning. 

One of the advantages of AdaBoost is its potential to reduce the risk of 

overfitting compared to other machine learning algorithms, especially when used in 

appropriate scenarios. While the individual weak learners might not perform 

particularly well on their own, as long as each learner performs slightly better than 

random guessing, the overall AdaBoost model can converge into a strong classifier. 

This characteristic of combining weak learners to form a robust ensemble classifier 

makes AdaBoost a powerful and efficient tool in various machine learning 

applications. 

A boosted classifier is a classifier of the form 𝐹𝑇(𝑥) = ∑ 𝑓𝑡(𝑥)𝑇
𝑡=1 , where each 𝑓𝑡 

is a weak learner that takes an object 𝑥 as input and returns a value indicating the class 

of the object. 

AdaBoost achieves high accuracy by iteratively focusing on the misclassified 

samples and adjusting the weights of both samples and weak learners. This results in a 

final model that is a weighted combination of multiple weak learners, often 

outperforming individual strong learners. AdaBoost is highly flexible, allowing for 

the use of various types of weak learners, such as decision stumps (single-level 
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decision trees), neural networks, or other classifiers. This flexibility enables AdaBoost 

to be adapted to different data types and problems. AdaBoost inherently performs 

feature selection by focusing on those features that contribute most to the correct 

classification of samples. This results in the algorithm ignoring irrelevant or noisy 

features, improving the robustness of the model. Despite its iterative and complex 

nature, AdaBoost often exhibits good resistance to overfitting. This is because it 

focuses on improving the performance on difficult samples, rather than simply 

memorizing the training data. Compared to other complex algorithms, AdaBoost is 

relatively easy to implement and can achieve good results with default parameters. 

This algorithm also has some disadvantages, such as: Training AdaBoost can be 

computationally expensive, especially when dealing with large datasets or complex 

weak learners. The sequential nature of AdaBoost's training process, where each weak 

learner is trained based on the performance of the previous one, contributes to this. 

The optimal number of weak learners to use in AdaBoost is not always clear and may 

require some experimentation or cross-validation to determine. Too few weak learners 

may result in underfitting, while too many can lead to overfitting or unnecessary 

computational overhead. AdaBoost's performance can be affected by imbalanced 

datasets, where one class is significantly more prevalent than the others. The 

algorithm may focus too much on the majority class, leading to poor performance on 

the minority class. 

2.2.3 Gradient Descent Method 

The Gradient Descent method (Gradient Descent) is an optimisation algorithm 

for minimising (or maximising) the objective function. The basic idea of this method 

is to adjust the model parameters step by step by iterating along the direction of the 

gradient of the objective function (or in the opposite direction), so that the objective 

function reaches the minimum (or maximum) value. The formulation of the gradient 

descent method dates back to a very early time, but one of the major contributors was 

Augustin-Louis Cauchy, a 19th century French mathematician who proposed a 

preliminary form of the gradient descent method in 1847. However, the development 

and application of the gradient descent method gradually became a central method in 

the field of optimisation in the following decades. The theoretical background of the 

gradient descent method is built on the foundations of calculus. The process is 
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analogous to the process of choosing the direction of descent when descending a 

mountain based on information about the slope of the current position. Specifically, 

the model update formula of the gradient descent method is as follows as 𝜃𝑖𝑗 = 𝜃𝑗 −

𝛼 ∙ ∇J(𝜃𝑗), where 𝜃𝑗  denotes the model parameter of the iteration, 𝛼 is the learning 

rate, and ∇J(𝜃𝑗) is the gradient of the objective function 𝐽 with respect to the model 

parameter 𝜃𝑗 . This formula indicates that for each iteration, the model parameters are 

updated by subtracting the current model parameters from the learning rate multiplied 

by the gradient, which makes the objective function decrease gradually. 

The advantage is that it is simple and easy to implement and is a general 

optimisation method. It performs well on large-scale datasets and can handle high-

dimensional data. The disadvantages are that it may fall into local minima and has 

limitations for non-convex functions. The choice of learning rate has a large impact 

on the performance of the algorithm, too large or too small may lead to performance 

degradation. Sensitive to the initial value, improper selection of the initial value may 

affect the convergence of the algorithm. Gradient descent is a commonly used 

optimisation algorithm to minimise the objective function by iteratively adjusting the 

model parameters. Despite some drawbacks, it is still widely used in practical 

applications. When using the gradient descent method, care needs to be taken to adjust 

parameters such as the learning rate and initial value to obtain better performance. 

2.2.4 Nonlinear Programming 

Nonlinear programming (NLP) is a mathematical approach for solving 

optimization problems where either the objective function or some of the constraints 

are nonlinear (Kuhn, 1991). In essence, NLP involves the process of finding the 

extrema—such as maximum, minimum, or stationary points—of an objective 

function. This is done by considering a set of unknown real variables, subject to a 

system of constraints, which can be both equalities and inequalities. These constraints 

form the boundaries within which the optimization process occurs. 

Nonlinear programming (NLP), a subfield of mathematical optimization, focuses 

on solving problems in which the relationships between the decision variables, the 

objective function, and/or the constraints are nonlinear. Unlike linear programming, 

which deals with optimization problems where both the objective function and 
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constraints are linear, NLP is designed to handle more complex scenarios. These 

scenarios involve situations where the interactions between variables are not confined 

to straight-line relationships. As a result, nonlinear programming opens the door to a 

wider range of optimization problems, many of which would be difficult or even 

impossible to solve using linear methods. By accommodating these more intricate 

relationships, NLP enables the exploration of optimization landscapes that are more 

diverse and challenging, making it a crucial tool for addressing real-world problems 

in fields like engineering, economics, and logistics. 

Let 𝑛, 𝑚, and 𝑝 be positive integers. Let 𝑋 be a subset of 𝑅𝑛 (usually a box-

constrained one), let 𝑓, 𝑔𝑖, and ℎ𝑗be real-valued functions on X for each 𝑖 in 

{1, . . . , 𝑚} and each 𝑗 in {1, . . . , 𝑝}, with at least one of 𝑓, 𝑔𝑖, and ℎ𝑗  being nonlinear. 

A nonlinear programming problem is an optimization problem of the form 

Minimize 𝑓(𝑥) 

Subject to 

𝑔𝑖(𝑥) ≤ 0  𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑖 ∈ {1, ⋯ , 𝑚}

ℎ𝑗(𝑥) = 0  𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑗 ∈ {1, ⋯ , 𝑝}

𝑥 ∈ 𝑋

 

Nonlinear programming encompasses diverse applications, notably in 

engineering design, control systems, data fitting, and economic planning. These 

applications frequently exhibit common characteristics in their problem structures, 

which render convex optimization algorithms highly efficient. Comprehending both 

the nature of these attributes and the manner in which algorithms interpret the 

problems can significantly facilitate optimization tasks, ranging from problem 

formulation to the selection of the most suitable solution method. 

2.3 Review of Research 

2.3.1 Various risk assessment statistical models 

(1) Support vector machine (SVM) models and related improved models 

Support Vector Machines (SVM) and their enhanced versions have garnered 

significant attention in the realm of credit risk assessment. In a notable study, Zhang 

et al. (2014) introduced an innovative multi-criteria optimization classifier, KFP-

MCOC, which integrates kernel methods, defuzzification, and penalty factors. This 

classifier demonstrated superior performance over traditional SVMs and fuzzy SVMs, 

particularly in terms of separation, efficiency, and generalization based on empirical 

testing. Similarly, Harris (2013) developed a credit scoring model specifically tailored 

https://en.wikipedia.org/wiki/Real-valued_function
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for the Barbados Credit Union. The model showed that using quantitative credit risk 

models substantially improved credit risk evaluations compared to traditional 

judgment-based methods. 

Wang and Ma (2012) proposed a hybrid integration model known as RSB-SVM, 

which combines bagging and stochastic subspaces with SVM as the core learning 

mechanism. This model, validated using financial data from 239 companies in ICBC, 

proved to be an effective alternative for corporate credit risk assessment. Zhou et al. 

(2011) further advanced SVM-based approaches by introducing KASNP, a method 

designed to extend the nearest point problem of SVM to affine subspaces, providing 

effective solutions for non-linear classification tasks. 

In their quest to enhance SVM performance, Yu et al. (2011) put forward the 

concept of a weighted least squares support vector machine (LSSVM) classifier, 

showcasing promising results in credit risk classification. Danenas and Garsva (2012) 

employed a hybrid approach that combined genetic algorithms and particle swarm 

optimization to evolve the parameters for a linear SVM classifier, applying this to 

credit risk assessment using a sliding window methodology. Additionally, addressing 

the financing challenges faced by micro, small, and medium-sized enterprises 

(MSMEs), Yao et al. (2023) enhanced the classical Slime Mold algorithm by 

integrating it with SVM for parameter optimization, resulting in the RF-LSMA-SVM 

model, which improved the classification performance in credit risk assessments. 

Tang et al. (2021) introduced a cost-sensitive SVM (CSSVM) and a robust loss 

method, Blinex loss-sensitive kernel (CSKB), demonstrating superior performance 

across various evaluation metrics when tested on synthetic datasets. These innovations 

reflect the growing diversity of methodologies applied in credit risk assessment, 

contributing to more robust and reliable models. 

(2) The KMV model in credit rating 

The KMV model has significantly impacted credit rating practices. Kealhofer 

(2003) highlighted that the Expected Default Frequency (EDF) generated by the KMV 

model consistently outperformed agency debt ratings in predicting defaults, as 

demonstrated by power tests. The model's default probabilities, grounded in an 

option-theoretic framework, provided a clearer explanation of debt spreads when 

compared with other models, notably the generalized Merton methodology. 
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Katchova and Barry (2005) applied the KMV model to estimate capital 

requirements for agricultural lenders under the New Basel Capital Accord. Their 

findings, which compared Credit Metrics and Moody’s KMV models, revealed 

notable differences in the capital requirements of agricultural lenders depending on 

portfolio risk and granularity. Guo and Zhou (2022) employed the KMV model to 

analyze the default distances of 36 Chinese banks from 2016 to 2019. Their empirical 

analysis demonstrated that while external factors like financial regulatory policies did 

impact credit risk, the internal factors, such as income structure and risk management 

practices, played a more substantial role. This underscores the need for banks to 

optimize their internal structures to mitigate credit risk. 

(3) Logistic Model and neural network algorithm in Credit Rating 

Logistic regression models have been extensively utilized in credit risk 

prediction. Zhan (2021) utilized enterprise index data to develop a Logistic regression 

model alongside the risk-adjusted return on capital (RAROC) model, calculating 

default probabilities to inform credit strategies. Similarly, Sun Yuchen (2021) 

employed a logistic regression model to evaluate MSME default rates, relying on 

accessible transaction information, credit ratings, and credit histories. Wang et al. 

(2022) constructed a personal credit risk assessment model by combining logistic 

regression with feature selection techniques and XGBoost, using real-world credit 

data from Bank X. This study aimed to optimize feature selection through three 

methods—Logistic regression, AIC-Logistic regression, and BIC-Logistic 

regression—and identified the model that provided the best accuracy and AUC to 

predict credit risk. Neural network algorithms have also been explored for credit risk 

assessment. Chandrappa and Gitesh (2009) compared the performance of fuzzy logic 

models with neural networks and classification tree models, concluding that the latter 

were more effective in predicting bankruptcy. Hu and Su (2022) designed an artificial 

neural network model to predict the bankruptcy risk of commercial banks. By 

selecting 14 financial indicators and integrating cluster and factor analysis, their 

model demonstrated solid performance in credit risk evaluation. In further 

developments, Liu, Zhang, and Fan (2022) proposed a hybrid model that first applies 

XGBoost to linearize the original features, followed by a graph-based neural network 

(forgeNet) for accurate credit risk predictions. Fan and Qin (2023) enhanced fuzzy 
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neural networks to construct an effective corporate credit risk assessment model, and 

Huang et al. (2018) compared multiple neural network models in the context of 

Chinese SMEs, with probabilistic neural networks (PNN) emerging as the top 

performer in terms of both accuracy and robustness. Wang and Ma (2011) introduced 

the RS-Boosting method, which combines augmented subspaces and stochastic 

subspaces to optimize enterprise credit risk prediction. In a similar vein, Zhu et al. 

(2019) developed the RS-Multibooting method, leveraging multiple stochastic 

subspaces and Multibooting integrated machine learning to enhance SMEs' credit risk 

prediction accuracy. Corazza et al. (2021) employed the Elman network for 

bankruptcy prediction, demonstrating its robustness compared to traditional neural 

network models. Furthermore, Hayashi (2016) utilized the Re-RX algorithm family 

for multi-validation, establishing it as a powerful decision support tool for credit risk 

assessment. Oreski and Oreski (2014) also introduced a hybrid genetic algorithm for 

neural networks (HGA-NN) for feature selection, which enhanced classification 

accuracy in credit risk models. Khashman (2010) explored supervised neural 

networks with back-propagation for credit application decisions, showing significant 

improvements in decision-making accuracy. Similarly, Khashman (2011) 

demonstrated that the EmNN outperformed traditional neural networks in decision 

speed and accuracy. Chaojie Li (2022) integrated random forest and deep neural 

networks to construct an intelligent decision-making system, assessing credit default 

probability for MSMEs. Xiangzhou Chen and Lihong Tao (2021) developed an MLP 

neural network model for credit risk assessment in SME supply chain finance, 

proving its high accuracy and stability. Oskarsdottir and Bravo (2021) proposed a 

multilayer network model using personalized PageRank algorithms, quantifying 

default risk among borrowers. Lastly, Shudai Wang, Zihui Yang, and Pingmiao Zhang 

(2023) explored the evolution of credit risk contagion in municipal investment bonds 

using network analysis techniques, revealing the intricate dynamics of debt risk across 

regions. 

(4) Decision tree models and Markov models in credit rating 

Decision tree models have been widely explored for their application in credit 

rating systems due to their ability to handle complex, non-linear relationships and 

provide interpretable results. Addo et al. (2018) developed a binary classifier using 
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both machine and deep learning models to predict loan default probabilities. Their 

study highlighted that the decision tree model, when compared to a multi-layer 

artificial neural network, demonstrated greater stability in prediction, especially when 

using the top 10 most important features. Arora et al. (2019) examined various 

classification algorithms enhanced by Bolasso (Bootstrap-based feature selection) in 

the context of credit ratings, finding that the BS-RF (Random Forest) model 

outperformed others in terms of accuracy and Area Under the Curve (AUC), 

significantly improving lender decision-making. Similarly, García-Céspedes and 

Moreno (2022) studied the application of machine learning techniques to calibrate the 

outputs of Vasicek’s (1987) credit risk model, showing that tree-based models 

delivered rapid and accurate estimations of actual loss distributions. Cheng Yang et al. 

(2023) proposed a multi-level risk assessment framework that used bill transaction 

data to develop a credit scoring model for MSMEs. By employing a random forest 

algorithm to predict defaults and quantifying credit scores through a weighted average 

approach, they were able to achieve a more quantitative and effective assessment of 

MSMEs' credit risk. Alzamora et al. (2022) utilized the LightGBM decision tree 

model, which delivered high confidence levels, supporting decision-making processes 

in rural credit risk assessments and effectively reducing delinquency rates. In an effort 

to improve decision tree stability when dealing with imbalanced datasets, Chang et al. 

(2016) integrated bootstrap aggregation and synthetic minority oversampling 

techniques into a credit risk model, leading to more reliable predictions. Luo et al. 

(2016) enhanced the Cox model by combining it with multinomial logistic regression 

to improve prediction accuracy, especially for scoring predictions. Wu et al. (2012) 

developed an enhanced decision support model (EDSM) by merging decision trees 

with correlation vector machines, which improved the interpretability and reliability 

of predictions. García et al. (2012) applied filtering algorithms to enhance the 

accuracy of instance-based classifiers, showing that filtered datasets significantly 

outperformed unfiltered ones when using nearest-neighbor decision rules. 

Abdelmoula (2015) employed the K-nearest-neighbor classifier to predict defaults on 

short-term loans at Tunisian commercial banks, achieving an 88.63% classification 

rate by selecting optimal information sets related to accruals and cash flows. Liu et al. 

(2019) introduced an evolutionary multi-objective soft subspace clustering algorithm 
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(EMOSSC), demonstrating its superiority in credit risk classification. Zhou et al. 

(2010) explored the nearest subspace classification method, which extends the 

training set by using the same class of creditors across different subspaces, showing 

competitive performance in credit risk assessments. 

In the domain of credit rating, Markov models have also been extensively 

studied for modeling credit risk, particularly in the context of rating transitions. 

D’amico et al. (2014) challenged the use of traditional Markov chain models in credit 

rating migration problems by introducing a multivariate semi-Markov chain model. 

This innovative approach accounts for the non-Markovian nature of credit ratings and 

successfully calculates transfer probabilities, reliability functions, and credit default 

swap prices. Siu (2005) applied a multivariate Markov chain model for credit transfer 

matrices, incorporating credibility theory for prior estimation of transfer matrices. 

This method offered a practical way to estimate dynamic credit rating changes and 

credit risk measures. Kubo and Sakai (2011) proposed a new model for assessing 

long-term credit risk, extending beyond stock prices to include factors such as 

economic cycles. Their model integrated long-term cash flow forecasts and credit risk 

propagation, providing valuable insights for calculating risk spreads and broadening 

the applicability of traditional models. Lu et al. (2012) combined data envelopment 

analysis (DEA) with Markov chain models to assess the credit risk of large Taiwanese 

corporations, offering banks and financial institutions a more efficient decision-

support tool for lending decisions. Wozabal and Hochreiter (2012) enhanced the 

traditional Markov chain model by considering credit rating shifts and estimating 

parameters using maximum likelihood and heuristic global optimization techniques. 

Their model showed stronger risk sensitivity and greater dependency than the 

Generalized Linear Mixed Model (GLMM), offering a fresh perspective on modeling 

credit rating transitions. 

(5) Loan default probability model  

In the context of credit rating, Lang and Santomero (2003) investigated U.S. 

banks' practices concerning retail portfolio credit, suggesting that direct estimation of 

portfolio volatility could be a feasible approach to estimating economic capital. 

However, they highlighted that existing methodologies fail to meet the rigorous 

regulatory requirements. Consequently, alternative approaches that directly estimate 
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structural risk parameters, such as default probabilities, were deemed more practical. 

Carey and Hrycay (2001) emphasized the critical importance of estimating the 

average default probability for borrowers within each internal credit rating class, as 

these probabilities are key components of portfolio credit risk models. They tested the 

main methods used to estimate these probabilities and uncovered potential issues, 

including bias, instability, and gaming, which can compromise the accuracy and 

reliability of these estimations. Ju and Sohn (2017) introduced a quantitative score-

based credit risk rating model, which models loan default probabilities as a function 

of various loan attributes. Their model aids in distinguishing between different default 

patterns, offering a novel approach for more accurate credit scoring. Kanno (2020) 

focused on the credit risk of Japanese real estate investment trusts (J-REITs) across 

two related markets during 2008-2017. His study identified a significant correlation 

between the extent of J-REIT lending and a decrease in the credit risk associated with 

issued J-REITs, thus providing a fresh perspective on understanding REIT credit risk. 

Lu (2013) employed a parametric model under a risk-neutral measure to assess credit 

risk, using interpolation to estimate the risk-free yield curve. His empirical findings 

revealed that financially distressed firms have a higher probability of default, with the 

model closely linked to broader economic conditions. García-Céspedes and Moreno 

(2017) proposed a multi-period credit risk model that estimates multi-period loss 

distributions using a Taylor expansion approximation. They found that the 

approximation offered greater accuracy for portfolios with higher probabilities of 

recession or default. Spuchľakova and Cug (2015) put forward a methodology to 

estimate credit risk parameters based on market prices, including a simplified 

approach for calculating the loss-given-default (LGD) rate. This methodology is 

instrumental in pricing credit default swaps (CDS) and helps banks calculate 

regulatory capital, as well as aiding investors in pricing risky bonds. Finally, Chen 

Tianxin and Li Junshuai (2021) examined the impact of economic policy uncertainty 

on bank credit risk, using a default probability model. Their empirical analysis 

provides valuable insights into the mechanism through which economic policies 

influence credit risk. 

The application of credit default swaps (CDS) in credit ratings has been the focus 

of several significant studies. Chamizo and Novales (2020) proposed a method for 
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estimating the global credit risk factor (GCRF) by using information from the default-

related components of CDS spreads. Their composite factor regression model was 

applied to stress-test credit portfolios and assess future credit risk scenarios. Zha et al. 

(2020) explored cross-country credit risk spillovers between sovereigns and firms 

using CDS data from Asian reference entities. Their findings revealed that financial 

institutions are more sensitive to shifts in the credit risk of foreign sovereign debtors, 

providing crucial insights into how these institutions respond to international credit 

risk. Dodd et al. (2021) analyzed the effect of leverage growth on corporate CDS by 

examining data on CDS from 350 firms in emerging markets. They discovered that 

leverage growth significantly increased CDS premiums, particularly for high-risk 

firms. Their study also highlighted that during the post-GFC period, CDS spreads 

were largely driven by global market risk factors, with emerging market CDS spreads 

primarily reflecting these factors during the crisis. Brownlees et al. (2021) developed 

a credit risk model for large financial institutions, where default intensity 

interdependence was influenced by both common risk factors and entity-specific 

idiosyncratic shocks. They recovered credit risk networks from CDS data using a 

lasso estimation process, which allowed them to study the interdependence of credit 

risks among European financial institutions. Palazzo and Yamarthy (2022) 

investigated the relationship between corporate credit risk and monetary policy 

shocks, using daily CDS data around Federal Reserve Open Market Committee 

(FOMC) announcements. Their research revealed that positive interest rate shocks led 

to increased expected losses and higher risk premiums in CDS spreads, shedding light 

on how monetary policy decisions affect the credit risk landscape. Dai et al. (2023) 

examined how CDS initiation influences the cost management strategies of reference 

firms. They concluded that CDS contracts enhance creditors' bargaining power, 

thereby reducing the likelihood of bankruptcy by mitigating cost stickiness after CDS 

initiation. Boudreault et al. (2015) proposed an estimation method for credit-sensitive 

instruments that minimizes noise and is highly parallelizable. Their simulation study 

demonstrated that this method outperforms other relevant estimators in terms of 

statistical properties. In their empirical research, they conducted a correlation analysis 

between CDS premiums and stock prices of firms listed in the CDX North America 

index, showing that ignoring noise could lead to an underestimation of correlations. 
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(6) Machine learning and game theory in credit rating 

Research on the application of machine learning in credit rating covers a wide 

range of aspects, from credit risk assessment by BigTech to corporate credit risk 

modelling based on big data and credit risk assessment using methods such as 

clustering and fuzzy classification. Huang et al. (2023) compare the BigTech approach 

with the traditional banking approach by conducting a horse race analysis of large-

scale loan transactions from online merchants at China's Medibank. traditional 

banking methods in loan default prediction. The results show that the BigTech 

approach performs better among borrowers with no bank account records, 

demonstrating its strengths in information and modelling. On the other hand, Huang 

and Wei (2023) constructed a quantitative model of corporate credit risk through big 

data analysis, investigated the relationship between credit rating and customer churn 

rate, determined the annual loan limit and annual interest rate of corporations, and 

provided banks with optimal credit strategies. Cheng and Qu (2020), through web 

crawler technology and word frequency analysis, investigated the bank fintech's credit 

risk impact and explored the application of fintech in the banking industry. Baser et al. 

(2023) proposed a clustering-based fuzzy classification (CBFC) credit risk assessment 

method, which uses a machine learning approach to compute the default risk and 

selects features that help to improve the prediction ability. Their results show that the 

CBFC model performs well in credit risk assessment and provides a new approach to 

credit rating. Machado and Karray (2022) used a combination of unsupervised and 

supervised machine learning methods to predict the credit scores of business 

customers using hybrid machine learning and found that the hybrid model 

outperformed a single model in prediction. Khandani et al. (2010) applied machine 

learning techniques to construct a nonlinear nonparametric predictive model to 

improve the classification rate of delinquency and default of credit card holders. In 

addition, Bao, Lianju, and Yue (2019) proposed a combinatorial strategy for credit 

risk assessment combining unsupervised and supervised learning, which achieved 

superior performance by applying unsupervised learning techniques through two 

stages. Doumpos and Zopounidis (2007) investigated the combinations of different 

classification methods, including machine learning and statistical techniques. found 

that the combined model outperformed a single model in credit risk analysis. Taken 



 

 

 
 37 

together, these studies suggest that machine learning plays a key role in credit ratings, 

improving the accuracy of predictions and the efficacy of credit risk analysis. The 

combination and innovative application of different methods provide financial 

institutions with more comprehensive and reliable credit assessment tools. 

In the field of credit rating, the application of game theory provides a unique way 

to deeply understand and optimise credit decisions. Feng Bao (2022) used 

evolutionary game tools to construct a three-party game model of credit under the 

environment of government intervention, and analysed the impact of government 

intervention and internal factors on the credit game system through Matlab numerical 

simulation. The results show that the system is more likely to evolve to the optimal 

state with a higher initial proportion of positive credit strategies; government 

subsidies have a facilitating effect on the system's convergence to the optimal state; 

and government penalties can regulate the speed of evolution and have a tendency to 

maintain the positive state. Xue Chenhui and Gui Ping (2020) study the strategic 

choices of China's commercial banks under the implementation of green credit policy 

based on the game model, through the evolutionary game, complete information static 

game and repeated game models. The study points out that increasing the additional 

benefits from green credit, reducing the cost of issuance, and strengthening the 

regulation of commercial banks' environmental performance are the key factors to 

ensure the effective supply of green credit. Carling et al. (2007) propose a duration 

model of the pre-default survival time of a commercial loan borrower, which is used 

to analyse commercial defaults and can be used as an input to a portfolio credit risk 

model. The model not only allows for duration dependence but also increases inter-

firm default risk correlation through macro explanatory variables. Feng Bao and Feng 

Chunfeng (2022) constructed a credit market model for green supply chain finance 

through an evolutionary game framework to examine the impact of government 

subsidies on the evolutionary path of the game system. It is found that the system is 

more likely to evolve towards the Pareto optimum when the proportion of initial 

positive strategies is high; government subsidies have a positive effect on the 

convergence of the system to the optimal state, but too large an initial subsidy may 

have a reverse effect. These studies not only provide a new perspective on game 
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theory for credit rating, but also provide useful guidance for formulating effective 

policies and promoting sustainable financial development. 

2.3.2 Research on Credit Risk of Small and Medium sized Enterprises 

(1) P2P lending in credit rating 

In the context of P2P lending, Guo et al. (2016) introduced a data-driven 

framework designed to overcome the limitations of traditional credit rating and 

assessment models, which often fail to meet the specific needs of individual investors. 

To address this gap, they proposed an instance-based credit risk assessment model 

that is capable of evaluating both the potential returns and the risks associated with 

each loan. By framing the investment decision-making process as a portfolio 

optimization problem with boundary constraints, their model provides a more tailored 

approach to managing investment risk. The authors conducted extensive testing using 

real datasets from two major P2P lending markets, and their findings revealed that the 

proposed model significantly improved investment performance when compared to 

traditional methods. In a similar vein, Zhou et al. (2021) developed four distinct 

gradient boosting techniques aimed at modeling the credit risk of borrowers on P2P 

lending platforms. Their research highlighted the critical importance of incorporating 

the timeliness of observations and features, leading them to segment the datasets 

using timestamps. Additionally, the study utilized Bayesian methods for 

hyperparameter optimization, which enhanced the precision and reliability of the 

resulting risk models. By refining the modeling techniques and integrating timely 

data, Zhou et al. (2021) were able to improve the accuracy of credit risk assessments, 

offering a more robust approach to risk management in P2P lending. The empirical 

results not only assess the performance of the model, but also reveal the importance of 

timestamps in assessing the performance of credit risk models in P2P lending. The 

role of psychological factors in borrowers' financial decisions has been increasingly 

emphasised. Yang et al. (2022) designed an online risk assessment framework called 

PsyCredit based on the theory of systemic functional language. It successfully 

improves the performance of credit risk assessment through deep learning and 

psychometric methods, which is innovative for solving the problem of mining 

psychological factors in P2P lending. Ma and Wang (2016) identified the factors 

affecting the credit risk of P2P lending from three aspects: the P2P lending platform, 
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the borrower, and the environment, and revealed the intrinsic connection between 

these factors through an explanatory structural modelling approach, which provided a 

comprehensive perspective for managing and preventing the credit risk of P2P 

lending. Giudici et al. (2020) proposed a methodology that uses "alternative data" to 

enhance traditional credit scoring methods. Through methods such as centrality 

measures and financial ratio derivation, they extracted alternative data from borrower 

similarity networks to improve the prediction accuracy and model interpretability of 

credit risk. This provides a useful empirical study to improve the credit risk accuracy 

of P2P platforms, especially for SMEs. 

(2) Credit portfolios in credit rating 

In the research on credit rating applications of credit portfolios, researchers have 

used a variety of methods and models aiming to better understand and quantify 

financial risk as well as to improve the accuracy of credit loss forecasting. Çomakoğlu 

(2009) calibrated a multifactor Credit Metrics model with a regression approach and 

conducted a Carlo simulation for portfolios with different rating concentrations, 

revealing that the transformational risk and portfolio concentration on risk-return. 

Lopez and Saidenberg (2000) propose a cross-sectional simulation-based approach to 

credit risk model evaluation to assess the accuracy of model credit loss prediction by 

simulating credit portfolio forecasts at a given point in time. Fang et al. (2022) 

introduces a Fourier methodology by means of a Fourier domain in which the 

cumulative distribution function of total portfolio losses is calculated, improving the 

efficiency of credit risk quantification and allocation. Abdominal et al. (2015) enhance 

the methodology of scenario integration into risk models, particularly in stress-testing 

value-at-risk models, providing detailed application guidelines for market, credit and 

operational risk. Leitao and Ortiz-Gracia (2020) propose a wavelet-based 

nonparametric density estimation technique for measuring credit investment portfolio 

risk, which is capable of efficiently calculating risk measures such as marginal risk 

contribution, Var and ES. Wang et al. (2022) explored an optimisation algorithm for 

credit portfolios, which improves the optimisation efficiency of credit portfolios by 

minimising the default risk of the entire portfolio, introducing a bivariate intensity 

model and a multi-objective genetic algorithm. Together, these studies provide 
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different perspectives and methods for risk management and optimisation of credit 

portfolios, providing powerful tools and guidance for financial institutions. 

(3) Credit structure-related research 

In the field of credit structure research, scholars have extensively investigated the 

influence of credit risk, financial technology, and cross-border capital flows on the 

credit systems of commercial banks from various perspectives. Jin, Yu, and Mi (2012) 

explored the impact of different industries on the credit risk faced by commercial 

banks, employing grey correlation analysis from both industry and macroeconomic 

perspectives. Their findings revealed that industry-specific and macroeconomic 

factors affect banks' impaired loan rates in varying degrees, offering fresh insights 

into grey wind control. The study's conclusions provide theoretical support for 

implementing a "differential treatment and regulation" approach, which could guide 

the optimization of credit structures. Bao Xing, Li Wei, and Li Quan (2022) 

developed a commercial bank fintech index using web crawlers and examined the 

relationship between fintech adoption and the non-performing loan (NPL) ratio of 

commercial banks. Their research concluded that fintech usage improves internal 

controls and reduces information asymmetry, ultimately leading to a lower NPL ratio. 

The benefits of fintech were particularly pronounced in banks with significant 

information asymmetry in their credit structures, highlighting the potential of 

technological advances in mitigating credit risk. Shi Jianhuai and Yang Yuqing (2022) 

focused on the effects of cross-border capital flows on the credit scale, risk, and 

structure of commercial banks in China. Using micro-level bank data, the study 

constructed a bank competition index to assess the moderating role of competition in 

the relationship between capital flows and bank credit. The results indicated that 

cross-border capital inflows not only expanded the size of bank credit but also led to 

an accumulation of credit risk, with bank competition exacerbating this effect. 

Additionally, capital inflows were found to influence credit structures by increasing 

credit allocation to the corporate sector while crowding out residential sector lending. 

The study further analyzed how bank-level heterogeneity influences credit responses 

to these capital flows. 

These studies provide a multi-perspective and multi-level analysis to deepen the 

understanding of the factors influencing credit structure, and provide important 
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references for formulating differentiated credit policies, guiding the development of 

fintech, and understanding the impact of cross-border capital flows on bank 

behaviour. 

(4) Research related to credit risk contagion 

Academic research on credit risk contagion has thoroughly examined its 

mechanisms, dimensions, and influencing factors. Fanelli and Maddalena (2020) 

explored the contagion of credit risk among default-prone financial agents by 

developing a nonlinear dynamic model that incorporates credit risk transfer markets 

and the interactions of various financial agents. The study utilized a time-delayed 

susceptibility-infection-recovery model to investigate credit risk contagion in the 

market, revealing steady states under various time delays and bank support policies. 

Chen Tingqiang et al. (2023) constructed a dynamic evolutionary model of credit risk 

contagion that integrates cost constraints and the influence of credit risk management 

expenses on banks' risk management decisions. Their findings suggest that both the 

level of credit risk management and banks' willingness to bear costs positively affect 

credit risk contagion, and they explored optimal strategies under varying conditions. 

Ericsson and Renault (2006) developed a structural bond valuation model to assess 

both liquidity and credit risk comprehensively. Their model revealed that 

renegotiation during financial distress is influenced by illiquidity in distressed debt 

markets, and they found that liquidity spreads exhibit a downward-sloping term 

structure with a positive correlation between illiquidity and default risk. Kiesel et al. 

(2001) expanded the ratings-based credit risk model by introducing the concept of 

spread risk. Their study demonstrated that volatility in spreads represents a major risk, 

especially for high-rated credits. Leippold and Vanini (2003) applied a financial 

economics approach to operational risk management in banks, presenting a 

framework to optimize profitability through capital allocation, network stability, and 

diversification, using both analytical and numerical methods. Kealhofer (2003) 

analyzed the influence of asset price bubbles on standard credit risk measures and 

proposed a new metric, the expected holding period credit loss (EHPCL). Through 

sensitivity analysis, the study demonstrated that EHPCL is effective in minimizing 

bias in credit loss estimates. Segoviano Basurto and Padilla (2007) combined the 

Conditional Probability of Default (CoPoD) method with Consistent Information 
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Multiple Density Optimization (CIMDO) to enhance credit risk measurement in 

investment portfolios. Their methods performed well in stress tests, providing strong 

support for better credit risk management. Belkin and Forest (1998) suggested a one-

parameter representation for credit risk and transfer matrices, which were stress-tested 

to analyze how credit changes affect individual instruments or an entire portfolio. 

Kanno (2020) examined credit rating migration risk and interconnections in the 

Japanese corporate lending market by analyzing outstanding loan data and using 

portfolio credit risk techniques. His research, which included a detailed analysis of 

network structures and historical economic conditions, provides valuable insights into 

credit risk management in corporate lending. 

Finally, Chih-Bing Lin and Yu-Wen Lee (2023) investigated the role of consumer 

credit in alleviating consumers' financial pressure and increasing the demand for 

green products by developing a Stackelberg model with immediate payment, bank-

provided consumer credit, and retailer-provided consumer credit. The study explored 

the influencing factors of consumer credit strategy preference through numerical 

analysis with a mixed strategy model. The results show that under certain conditions, 

consumer credit has a positive effect on increasing both market demand for green 

products and channel members' profits. 

(5) Empirical study of credit risk-return relationship and its investigation 

In asset pricing theory, risk and return are usually positively correlated, however, 

the empirical results on the relationship between credit risk and return are 

controversial, creating a credit risk-return puzzle. Nedumparambil and Bhandari 

(2020) found that this puzzle does exist by using credit ratings as a measure of credit 

risk through a study of the Indian stock market. It is noteworthy that traditional asset 

pricing models fail to consider credit risk comprehensively, while some evidence 

supports behavioural and rational pricing explanations. Brei et al. (2020), on the other 

hand, examine the relationship between bank competition and stability in Sub-

Saharan Africa. They find that credit risk is low when the level of bank competition is 

moderate, but when competition is excessive, the positive effects are cancelled out by 

the negative ones. Moreover, credit risk is not only related to macroeconomic and 

financial factors, but is also closely related to the business and regulatory 

environment, revealing a complex credit risk landscape. Djebali and Zaghdoudi 
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(2020) study conventional banks in the MENA region, and find a non-linear 

relationship between bank stability and both credit risk and liquidity risk. These two 

risks are detrimental to bank stability at high risk levels. They recommended that 

banks diversify their operations, strengthen their own funds, and adapt to new 

technologies to ensure the stability of the financial system. Focusing on banks in the 

Association of Southeast Asian Nations (ASEAN) region, Ovi (2020) examined the 

relationship between business cycles, income diversification and banks' capital buffers 

and credit risk. It is found that banks exhibit countercyclical responses in adjusting 

their capital buffers and credit risk, while income diversification helps to reduce credit 

risk. Zhou et al. (2021), on the other hand, focuses on online consumer credit services 

in the area of e-commerce and proposes an integrated scheme to infer online 

consumer credit risk. The scheme achieves finer-grained credit risk determination 

through data augmentation and model enhancement, providing a useful tool for the 

industry. In China's financial industry, Yuan et al. (2022) point out that the current 

credit rating market faces problems such as inflated ratings, insufficient grade 

differentiation, and poor prediction and warning performance. To this end, they 

propose a new methodology based on the hologram approach to deal with 

unstructured data, create a reasonable number of "bad samples", and establish the 

"CAFE Risk Assessment System". Pei et al. (2023), on the other hand, in terms of 

regulatory efficiency Pei et al. (2023) introduce corporate credit risk ratings and 

achieve rational allocation of regulatory resources through a hybrid decomposition 

strategy and a two-stage multi-objective feature selection multi-category integrated 

model. Their model is designed to effectively deal with the category imbalance 

problem, taking into account the balance of various demands and providing an 

efficient tool for regulation. Finally, Stefania et al. (2023) designed a risk scoring 

model through discriminant analysis techniques, which solved the problems 

encountered in models that read the credit histories of corporate customers, and 

provided useful references for the management of credit risk exposures. Ayayi (2012) 

emphasised the importance of both qualitative and quantitative risk management tools 

when discussing the assessment of credit risk, arguing that good governance practices 

and a sustainable financial performance have a direct impact on low credit risk. His 
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study also suggests that the depth and breadth of outreach and underwriting play a key 

role in credit risk control in MFIs. 

In summary, findings from different regions and industries suggest that credit 

risk is related to a variety of factors, including macroeconomics, competitive 

environment, and regulatory quality. These studies provide us with an in-depth insight 

into the relationship between credit risk and various aspects such as macroeconomics, 

competitive environment, and regulatory quality. This comprehensive understanding 

helps us to better understand and effectively manage the complexity and variability of 

credit risk. In the financial and corporate sectors, these studies provide strong support 

for the development of risk management strategies and the improvement of regulatory 

efficiency, which are important for maintaining the stability and sustainable 

development of the financial system. 

2.4 Research Gaps 

(1) Non-financial credit risk assessment indicators for technology-based 

small and micro enterprises have been proposed. 

This article addresses the unique challenges of credit risk assessment in small 

and micro enterprises (SMEs) by identifying four key risk characteristics specific to 

these entities. Through a comprehensive literature review and research, the study 

highlights two primary factors that significantly influence the credit risk of small and 

micro enterprises: innovative information and business models. These insights 

provide novel solutions to the persistent problem of inaccurate or difficult credit risk 

assessments faced by SMEs (Zhu, Y., Chen, L., Hu, Y., et al., 2024). In particular, the 

article proposes non-financial credit risk assessment indicators, which can effectively 

mitigate the challenges posed by high information asymmetry in these businesses. 

These indicators serve as a crucial tool in overcoming the difficulties of evaluating 

credit risk in SMEs, where traditional financial data may often be incomplete or 

unreliable. To validate the efficacy of these non-financial factors, the study collected 

first-hand data from a variety of SMEs and compared the performance of traditional 

financial metrics with the newly proposed indicators (Zhu, Q., 2022). The 

experimental results demonstrate that incorporating non-financial factors enhances the 

accuracy and reliability of credit risk assessments for small and micro enterprises, 

offering a more robust and comprehensive approach to evaluating their 
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creditworthiness. This research contributes to the field by providing actionable 

insights into improving credit risk assessment models for SMEs, thus aiding financial 

institutions in making more informed lending decisions. 

(2) A new perspective on quantifying credit risk. 

Credit risk in small and medium-sized enterprises (SMEs) has long been a 

challenging and significant issue in the financial sector. Traditional credit risk 

assessments typically prioritize large enterprises, leaving SMEs, which often struggle 

with limited scale, irregular financial data, and inadequate collateral, without 

sufficient credit support. This study focuses on addressing these challenges by 

specifically exploring the credit risk of SMEs, filling a crucial gap in the existing 

literature and offering an innovative approach to solving the financing difficulties 

faced by these businesses. A novel aspect of this research is the use of upstream and 

downstream invoice data as the primary source of information for credit risk 

assessment (Zhu, Z., & Du, S. 2024). Invoice data not only reflects the transactional 

behavior of SMEs but also carries valuable insights regarding their supply chain 

relationships, business stability, and market competitiveness. This information is 

instrumental in assessing credit risk, as it provides a more direct and timely 

representation of the enterprise’s operational conditions compared to traditional 

financial statements. The dataset for this study primarily consists of authentic, real-

time, and large-scale invoice data from SMEs, which offers a significant advantage 

over conventional financial data. Invoice data presents a more accurate and holistic 

picture of a company’s actual business activities, making it a more reliable basis for 

assessing credit risk. Through the use of data mining techniques, this study aims to 

uncover the underlying patterns and trends within the invoice data, facilitating a 

deeper understanding of the factors influencing credit risk. By constructing a robust 

data mining model, this research enables a quantitative approach to credit risk 

assessment, providing valuable decision-making support for financial institutions. The 

study integrates statistical models, such as the Logit and Probit models, with machine 

learning algorithms, including neural networks, to predict SME credit risk more 

accurately. These advanced models are capable of handling complex nonlinear 

relationships within the data, thereby enhancing both the accuracy and efficiency of 

the credit risk evaluation process. This integrated approach not only improves the 
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reliability of predictions but also offers a comprehensive tool for addressing the 

unique challenges of SME financing. 

  



 

 

 
 47 

Chapter 3 

RESEARCH METHODOLOGY 

This chapter provides a detailed explanation of the research methodology. It 

covers the data sources utilized, the variables analyzed, and the step-by-step process 

of implementing the methodology. Additionally, it presents a workflow chart that 

illustrates the procedure for building the credit risk model and extracting meaningful 

insights. This section clarifies the research approach and the reasoning behind the 

selected methods. 

3.1 Data and Variables 

3.1.1 Data 

This study focuses on small and medium-sized enterprises in China and collects 

data on related enterprises from 2016 to 2019. The data is sourced from the Wind 

database and is based on daily data. This study collected daily data from 425 small 

and medium-sized enterprises from 2016 to 2019. Among them, 123 enterprises had 

credit record data, while 302 enterprises did not have credit record data. 

Table 3 Overview of input invoice data of companies with credit records 

Record 
Company 

Code 

Invoice 

Number 

Invoicing 

Date 

Sales 

Unit 

Code 

Amount 

/yuan 

Tax 

/yuan 

Price and tax 

total/yuan 

Invoice  

Status 

1 C1 3390939 2017/7/18 A00297 -943.4 -56.6 -1000 Valid 

2 C1 3390940 2017/7/18 A00297 -4780.24 -286.81 -5067.05 Valid 

3 C1 3390941 2017/7/18 A00297 943.4 56.6 1000 Valid 

…… 

3444 C1 3390942 2019/12/31 A00297 4780.24 286.81 5067.05 Valid 

3445 C1 9902669 2019/12/31 A05061 326.21 9.79 336 Invalid 

3446 C2 40826107 2017/8/8 A05991 170.94 29.06 200 Valid 

3447 C2 4420531 2017/8/9 A03142 37735.85 2264.15 40000 Valid 

3448 C2 4420532 2017/8/9 A03142 4716.98 283.02 5000 Valid 

…… 

35599 C2 11924153 2019/12/31 A11821 1946.02 252.98 2199 Valid 

35600 C2 7757361 2019/12/31 A12601 601.94 18.06 620 Valid 
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Record 
Company 

Code 

Invoice 

Number 

Invoicing 

Date 

Sales 

Unit 

Code 

Amount 

/yuan 

Tax 

/yuan 

Price and tax 

total/yuan 

Invoice  

Status 

35601 C2 8611117 2019/12/31 A13080 145.63 4.37 150 Valid 

…… 

210946 C123 95472001 2018/12/29 A03626 264.15 15.85 280 Valid 

210947 C123 54469883 2019/12/18 A03626 264.15 15.85 280 Valid 

 

Table 3 provides details regarding the enterprise's input and output invoices. The 

input invoice refers to the one issued by the seller when the enterprise purchases 

goods or products, while the corresponding output invoice is the one issued by the 

enterprise to the buyer when it sells products. Valid invoices are those issued for 

legitimate business transactions. Cancelled invoices, on the other hand, are those that 

were initially issued for trading activities but later rendered invalid due to the 

cancellation of the transaction for various reasons. Negative invoices are issued when 

a buyer returns goods, leading to a refund, after the tax has already been recorded by 

the enterprise. In such cases, negative invoices are required to adjust the original 

transaction. 

The company issued a total of 210,947 input invoices and 162,484 output 

invoices. These invoices provide a comprehensive overview of the enterprise’s 

purchase and sales transactions, contributing to a better understanding of its trading 

activities and tax-related adjustments. 

The credit record data of 123 enterprises are shown in Table 4. 

Table 4 Credit rating and default situation of 123 companies 

Company Code Credit Rating Default Situation 

C1 A NO 

C2 A NO 

C3 C NO 

⋯ ⋯ 

C45 B YES 

C46 C NO 
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Company Code Credit Rating Default Situation 

⋯ ⋯ 

C121 D YES 

C122 D YES 

C123 D YES 

 

From Table 4, the credit rating refers to the manual assessment made by the bank 

based on the actual situation of the enterprise. In principle, the bank will not lend to 

an enterprise with a credit rating of D. 

Table 5 illustrates the variations in customer churn rates based on different loan 

interest rates and credit ratings categorized as A, B, and C. The customer churn rate 

refers to the proportion of potential customers that a bank loses, influenced by factors 

such as the interest rates on loans. The table provides a comparative analysis of how 

customer retention fluctuates across varying credit ratings and interest rate levels, 

offering insights into the impact of these factors on customer behavior and bank 

performance. 
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Table 5 The description of loan annual interest rate and customer churn rate 
Loan Annual 

Interest Rate 
Credit Rating A Credit Rating B Credit Rating C 

0.04 0 0 0 

0.0425 0.094574126 0.066799583 0.068725306 

0.0465 0.135727183 0.13505206 0.122099029 

0.0505 0.224603354 0.20658008 0.181252146 

0.0545 0.302038102 0.276812293 0.263302863 

0.0585 0.347315668 0.302883401 0.290189098 

0.0625 0.41347177 0.370215852 0.34971559 

0.0665 0.447890973 0.406296668 0.390771683 

0.0705 0.497634453 0.458295295 0.45723807 

0.0745 0.511096612 0.508718692 0.492660433 

0.0785 0.573393087 0.544408837 0.513660239 

0.0825 0.609492115 0.548493958 0.530248706 

0.0865 0.652944774 0.588765696 0.587762408 

0.0905 0.667541843 0.625764576 0.590097045 

0.0945 0.694779921 0.635605146 0.642993656 

0.0985 0.708302023 0.673527424 0.658839416 

0.1025 0.731275401 0.696925431 0.696870573 

0.1065 0.775091405 0.705315993 0.719103552 

0.1105 0.798227368 0.742936326 0.711101237 

0.1145 0.790527266 0.776400729 0.750627656 

0.1185 0.815196986 0.762022595 0.776816043 

0.1225 0.814421029 0.791503697 0.784480512 

0.1265 0.854811097 0.814998933 0.795566274 

0.1305 0.870317343 0.822297861 0.820051434 

0.1345 0.871428085 0.835301602 0.832288422 

0.1385 0.885925945 0.845747745 0.844089875 

0.1425 0.874434682 0.842070844 0.836974326 

0.1465 0.902725909 0.868159536 0.872558957 

0.15 0.922060687 0.885864919 0.895164739 
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3.1.2 Variables 

By consulting literature and principal component analysis models, this article 

selects eleven refined variables, including Total input price and tax (𝑥1), Total sales 

price and tax (𝑥2), Total valid invoices (𝑥3), Monthly input amount coefficient of 

variation (𝑥4), Monthly sales amount coefficient of variation (𝑥5), Number of upstream 

enterprises (𝑥6), Number of downstream enterprises(𝑥7), Total profit (𝑥8), Operation 

time (𝑥9), Percentage of valid invoices (𝑥10), Credit rating (𝑥11), as measurement 

variables for risk assessment of small and medium-sized enterprises. The definitions 

and symbols of relevant variables are shown in Table 6. 

Table 6 Definitions and symbols of relevant variables 
Symbol Definition and Description Unit 

𝑗 Enterprise j  

𝑘𝑗 
The expected returns of J Bank for all customer enterprises with different 

credit ratings k 
 

𝑍 The expected return of the bank on the all customer enterprise j  yuan 

𝑡𝑗 The expected return of the bank on the current customer enterprise j  yuan 

𝐴𝑗 Possible loan amount for enterprise j  yuan 

𝐵𝑗  The actual loan amount of enterprise j  yuan 

𝑦𝑗 
Indicator for determining whether the bank has lent to existing customer 

enterprises  
 

𝑖𝑗 Enterprise J loan interest rate % 

𝑃𝑗 The repayment probability of enterprise j  

𝑞𝑗 The probability of customer churn in enterprise j  

𝑀𝑗 The customer churn value of enterprise J yuan 

d Annual total credit amount of the bank  

𝑅𝑗 The default probability of enterprise j  

𝑥1 Total input price and tax yuan 

𝑥2 Total sales price and tax yuan 

𝑥3 Total valid invoices  

𝑥4 Monthly input amount coefficient of variation  

𝑥5 Monthly sales amount coefficient of variation  

𝑥6 Number of upstream enterprises  

𝑥7 Number of downstream enterprises  

𝑥8 Total profit yuan 

𝑥9 Operation time days 

𝑥10 Percentage of valid invoices % 

𝑥11 Credit rating  

ℎ1𝑗 The coefficient of increase in loan limits for different enterprises by banks  

ℎ2𝑗 Bank's interest rate discount coefficient for different enterprises  
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3.2 Steps of the Methodology 

3.2.1 Methodology steps for objective 1 

Objective 1: To determine the risk evaluation index system for small and 

medium-sized enterprises, and select appropriate models to quantify the risks of these 

enterprises. The main framework diagram is shown in the Figure 1. 

Data of companies with credit record

Extract enterprise characteristic 

indicators

Constructing a reputation risk 

assessment system

Data cleaningData Mining

Quantifying corporate credit risk

Entropy weight method TOPSIS model 

 

Figure 1 Framework diagram of objective 1 
 

It can be seen from Figure 1 that the company's credit risk will be quantified by 

the Entropy weight method and Technique for Order of Preference by Similarity to 

Ideal Solution (TOPSIS) model, and specific calculation steps will be used. 

Methodology 1：Entropy weight method to calculate weight 

The entropy weight method is an objective weighting method that can avoid the 

influence of subjective weighting on the credit risk quantification results to the 

greatest extent. The principle of the entropy weight method is the degree of variation 

of the indicator, that is, the higher the degree of variation, the higher the 

corresponding weight. 

Step 1: First of all, this paper needs to process the enterprise indicator data 

positively and normalize it to ensure the non-negativity of the data: 

𝑧𝑖𝑗 =
𝑥𝑖𝑗 − min (𝑥𝑖)

max (𝑥𝑖) − min (𝑥𝑖)
. 
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Among them, 𝑧𝑖𝑗 is the normalized variable, min (𝑥𝑖)and max (𝑥𝑖)are the 

minimum and maximum values of each indicator respectively, 𝑥𝑖 = (𝑥1, 𝑥2, ⋯ , 𝑥11). 

Step 2: Calculate the weight of the 𝑗 enterprise under the 𝑖 credit risk indicator 

and regard it as the probability 𝑝𝑖𝑗 when calculating information: 

𝑝𝑖𝑗 =
𝑧𝑖𝑗

∑ 𝑧𝑖𝑗
𝑛
𝑖=1

. 

Step 3: Calculate the information entropy 𝑗 of the 𝑒𝑗 credit risk indicator and 

calculate the corresponding information utility value 𝑑𝑗. The reason for the conversion 

here is that the larger the information entropy, the less information about the credit 

risk indicator. By introducing the information utility value 𝑑𝑗, the amount of 

information can be positively measured. 

𝑒𝑗 = −
1

ln (𝑛)
∑ 𝑝𝑖𝑗 ln(𝑝𝑖𝑗)

𝑛

𝑖=1

, 

𝑑𝑗 = 1 − 𝑒𝑗. 

Step 4: Finally, the entropy weight 𝑤𝑗 of each credit risk indicator is obtained by 

normalization. 

𝑤𝑗 =
𝑑𝑗

∑ 𝑑𝑗
𝑚
𝑗=1

. 

Methodology 2： TOPSIS model 

The TOPSIS method is a method of sorting samples based on data. The basic 

idea is to construct an idealized target based on sample data. For example, in this case, 

it is to construct an enterprise with optimal credit risk indicators in all aspects, and 

then measure the degree of closeness between the actual enterprise and this idealized 

enterprise. The closer it is, the lower its credit risk. 

Step 1: Find the maximum value of each column, that is, each credit risk 

indicator, recorded as 𝑧𝑖
+(𝑖 = 1,2. … , 𝑚), and form a vector: 

𝑍+ = {𝑧1
+, 𝑧2

+, ⋯ , 𝑧𝑚
+ }. 

This vector represents the ideal enterprise. 

Step 2: Similarly, find the minimum value of each column, that is, each 

indicator, recorded as 𝑧𝑖
−(𝑖 = 1,2, … 𝑚), to form a vector: 

𝑍− = {𝑧1
−, 𝑧2

−, ⋯ , 𝑧𝑚
− }. 
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This vector represents the least ideal enterprise, that is, each positively converted 

indicator reaches the minimum. 

Step 3: Define the distance between the 𝑖 sample and the ideal target as 𝐷𝑖
+, and 

the calculation formula is 

𝐷𝑖
+ = √∑(𝑧𝑗

+ − 𝑧𝑖𝑗)2

𝑚

𝑗=1

. 

Define the distance between the 𝑖 enterprise and the undesirable target as 𝐷𝑖
−, 

and the calculation formula is 

𝐷𝑖
− = √∑(𝑧𝑗

− − 𝑧𝑖𝑗)2

𝑚

𝑗=1

. 

Define the score of the 𝑖 enterprise as 𝑆𝑖, and the calculation formula is 

𝑆𝑖 =
𝐷𝑖

−

𝐷𝑖
+ + 𝐷𝑖

−. 

Obviously, 𝑆𝑖 is between [0,1]. When 𝑆𝑖 is closer to 1, it means that enterprise i 

is closer to the ideal target, and the credit risk of the enterprise is lower. On the 

contrary, when 𝑆𝑖 is closer to 0, it means that enterprise i is farther from the ideal 

target, and the credit risk of the enterprise is higher. 

3.2.2 Methodology steps for objective 2 

Objective 2: According to the credit risk measurement index system established 

above, the improved decision tree model is used to predict the credit rating and 

default record of 302 enterprises with no credit record, at the same time, the credit 

risk of these enterprises is quantified. Finally, the nonlinear programming model is 

used to calculate the bank's credit strategy for each enterprise. The main framework 

diagram is shown in the figure 2. 
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Data of companies without credit record

Probability of Default Other Indicators
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Raw data
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Tree Algorithm 
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Figure 2 Framework diagram of objective 2 

Methodology 1：Gradient Descent Decision Tree Algorithm 

Based on the evaluation indicators determined in the previous research, this 

research improves the traditional decision tree algorithm by adding a regularization 

function to solve the overfitting problem of the algorithm. It establishes a credit risk 

assessment model with the default probability of the enterprise as the dependent 

variable, and then predicts the probability value of the enterprise's default. The 

Gradient Boosted Decision Tree Algorithm is adopted here. 

In order to further improve the prediction accuracy of the gradient boosting 

decision tree algorithm, this paper improves the original decision tree algorithm 

model and establishes a credit risk model. Assuming that for a company, its credit risk 

is characterized by the default probability of credit repayment, denoted as, based on 

the various evaluation indicators considered earlier, the default probability of credit 

repayment for each company can be expressed as equation: 

𝑅𝑗 = 𝜑(𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7,𝑥8,𝑥9,𝑥10,𝑥11)                        (1) 

The optimization function can be expressed as follow: 
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𝑅𝑗 = 𝜑(𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7,𝑥8,𝑥9,𝑥10,𝑥11) = ∑  

𝑛

𝑖=1

𝑙 (𝑦𝑖, 𝑦̂𝑖
(𝑡−1)

+ 𝑓𝑡(𝑥𝑖)) 

+𝛿(𝑓𝑡) + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡                                            (2) 

From equation (2), 𝑙 is the loss function 𝛿(𝑓𝑡) is the regularizerconstant is the 

constant term. The objective function construction and the specific iterative 

calculation process of the algorithm are as follows: 

Step 1: Build a single decision tree  

Let 𝑓(𝑥𝑖) be a decision tree function, and the number of leaf nodes is 𝑇. Then the 

decision tree feature selection is performed based on the information gain method: for 

the decision tree, assuming that the current node is denoted as 𝐶, the left child node 

after the split is denoted 𝐿, and the right child node is denoted R, then the benefit 

obtained by the split is defined as the objective function value of the current node 

minus Get the sum of the objective function values of the left and right child nodes: 

𝐺𝑎𝑖𝑛 = 𝑓𝐶 − 𝑓𝐿 − 𝑓𝑅                                             (3) 

In the process of generating a decision tree, the features with the greatest benefit 

are selected as branches. 

Step 2: Based on the additive model, build an ensemble learning decision 

tree  

After establishing a single decision tree model, based on the idea of ensemble 

learning, multiple decision trees (weak classifiers) are integrated. This article uses an 

additive model to obtain a strong classifier. At this time, the objective function is an 

additive model composed of 𝐾 trees: 

𝑦𝑙̂ = ∑  𝐾
𝑘=1 𝑓𝑘(𝑥𝑖), 𝑓𝑘𝜖𝐹                                          (4) 

Where f is the kth decision tree, and then the Boosting algorithm is used to train 

and learn the model. Since the learning model is an additive model, the Boosting 

algorithm can learn the model from front to back, learning only one basis function and 

its coefficients (structure) at each step, gradually approaching the optimization 

objective function, and thus simplifying the complexity of the operation. The method 

starts with a constant prediction and learns a new function each time as follows: 

𝑦̂𝑖
0 = 0                                                        (5) 

𝑦̂𝑖
1 = 𝑓1(𝑥𝑖) = 𝑦̂𝑖

0 + 𝑓1(𝑥𝑖)                                        (6) 

𝑦̂𝑖
2 = 𝑓1(𝑥𝑖) + 𝑓2(𝑥𝑖) = 𝑦̂𝑖

1 + 𝑓2(𝑥𝑖)                                 (7) 

… 

𝑦̂𝑖
𝑡 = ∑  𝑡

𝑘=1 𝑓𝑘(𝑥𝑖) = 𝑦̂𝑖
𝑡−1 + 𝑓𝑡(𝑥𝑖)                                  (8) 

At step 𝑡, its objective function can be written as: 

𝑅𝑗
𝑡 = ∑  𝑛

𝑖=1 𝑙(𝑦𝑖, 𝑦̂𝑖
𝑡) = ∑  𝑛

𝑖=1 𝑙 (𝑦𝑖 , 𝑦̂𝑖
𝑡−1 + 𝑓𝑡(𝑥𝑖))                      (9) 

On the other hand, from the second-order expansion of Taylor’s formula at point 

𝑥, we can get: 

𝑓(𝑥 + Δ𝑥) ≈ 𝑓(𝑥) + 𝑓′(𝑥)Δ𝑥 +
1

2
𝑓″(𝑥)Δ𝑥2                                                   (10) 

Then the above formula is transformed into: 

𝑅𝑗
𝑡 = ∑  𝑛

𝑖=1 [𝑙(𝑦𝑖, 𝑦̂𝑖
𝑡) + 𝑔𝑖𝑓𝑡(𝑥𝑖) +

1

2
ℎ𝑖𝑓𝑡

2(𝑥𝑖)]                                                 (11) 

The loss function 𝑙 selected in this article is the square loss function, and the 

objective function is: 



 

 

 
 57 

𝑅𝑗
𝑡 = ∑  

𝑛

𝑖=1

(𝑦𝑖 − (𝑦̂𝑖
𝑡−1 + 𝑓𝑡(𝑥𝑖)))2 = ∑  

𝑛

𝑖=1

[2(𝑦̂𝑖
𝑡−1 − 𝑦𝑖)𝑓𝑡(𝑥𝑖) + 𝑓𝑡(𝑥𝑖)

2]  (12) 

Among them, (𝑦̂𝑖
𝑡−1 − 𝑦𝑖) is the residual. When using the square loss function, 

the integrated decision tree continuously fits the model by fitting the residual in the 

previous step model. 

Step 3: Based on regular optimization, improved gradient descent decision 

tree model  

Let 𝑓(𝑥𝑖)be a decision tree function, and the number of leaf nodes is 𝑇. In order 

to avoid overfitting problems in the decision tree, this article adds regular terms to the 

original decision tree model. The complexity of the decision tree is expressed by the 

regular term as: 

𝛿(𝑓𝑡) = 𝛾𝑇 +
1

2
𝜆 ∑  𝑇

𝑗=1 𝑤𝑗
2                                                                                     (13) 

Then at step 𝑡, its objective function can be written as: 

𝑅𝑗
𝑡 = ∑  

𝑛

𝑖=1

𝑙(𝑦𝑖, 𝑦̂𝑖
𝑡) + ∑  

𝑡

𝑖=𝑖

𝛿(𝑓𝑖) = ∑  

𝑛

𝑖=1

𝑙 (𝑦𝑖 , 𝑦̂𝑖
𝑡−1 + 𝑓𝑡(𝑥𝑖)) + 𝛿(𝑓𝑡) + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡(14) 

 

For a single decision tree, define the set 𝐼𝑗 = {𝑖|𝑞(𝑥𝑖) = 𝑗} is the set of all 

training samples divided into leaf nodes. Then Equation (11) can be reorganized into 

the sum of T independent quadratic functions according to the leaf nodes of the tree: 

𝑅𝑗
𝑡 = ∑  

𝑛

𝑖=1

[𝑔𝑖𝑤𝑞(𝑥𝑖) +
1

2
ℎ𝑖𝑤𝑞(𝑥𝑗)

2 ] + 𝛾𝑇 +
1

2
𝛾 ∑  

𝑇

𝑗=1

𝑤𝑗
2 

= ∑  

𝑇

𝑗=1

[(∑  

𝑖𝜖𝑙

𝑔𝑖)𝑤𝑗 +
1

2
(∑  

𝑖𝜖𝐼𝑗

ℎ𝑖 + 𝜆)𝑤𝑗
2] + 𝛾𝑇                              (15) 

Definition 𝐺𝑗 = ∑  𝑖𝜖𝐼𝑗
𝑔𝑖, 𝐻𝑗 = ∑  𝑖𝜖𝐼𝑗

ℎ𝑡, Then Equation (15) can be expressed as: 

𝑅𝑗
𝑡 = ∑  

𝑇

𝑗=1

[𝐺𝑖𝑤𝑗 +
1

2
(𝐻𝑖 + 𝜆)𝑤𝑗

2] + 𝛾𝑇                                                (16) 

Find the first derivative of Equation (16) and set the first derivative equal to 0, 

we have: 

𝑤𝑗
∗ = −

𝐺

𝐻𝑗 + 𝜆
                                                                                (17) 

Then the value of the objective function at this time is: 

𝑅𝑗
𝑡 = −

1

2
∑  

𝑇

𝑗=1

𝐺𝑗
2

𝐻𝑗 + 𝜆
+ 𝛾𝑇                                                             (18) 

From this, the income for each decision tree split is: 

𝐺𝑎𝑖𝑛 =
1

2
[

𝐺𝐿
2

𝐻𝐿 + 𝜆
+

𝐺𝑅
2

𝐻𝑅 + 𝜆
−

(𝐺𝐿 + 𝐺𝑅)2

𝐻𝐿 + 𝐻𝑅 + 𝜆
] − 𝛾                     (19) 

At each iteration, the profit and loss are calculated through Equation (19), a new 

decision tree is generated based on the principle of maximum benefit, and the 

predicted value corresponding to each leaf node is calculated through Equation (18), 

and the newly generated decision tree 𝑓𝑡(𝑥) is added to the model again, that is: 
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𝑦̂𝑖
𝑡 = 𝑦̂𝑖

𝑡−1 + 𝑓𝑡(𝑥𝑖)                                                                            (20) 

Through the above process, iteration is continued, and each iteration generates a 

weak classifier. Each weak classifier is trained on the basis of the residuals of the 

previous classifier. In this way, iteration is continued until the target accuracy is 

reached. The model’s The iteration flow chart is as Figure 3. 

Data samples

Constructing a decision tree model one

(weak classifiers)

Constructing a decision tree model two

(weak classifiers)

Constructing a decision tree model three

(weak classifiers)

Training Model one Determining weight one

Determining weight two

Determining weight three

Training Model two

Training Model three

Optimization Models

Gradient descent iteration

Gradient descent iteration

 

Figure 3 Model iteration flowchart 
 

Methodology 2：Nonlinear Programming 

This study used data from 123 enterprises that had credit record and programmed 

an improved gradient decision tree model for supervised learning training. The final 

learning model was obtained through training set and validation set partitioning, 

ensemble learning, cross validation, and other methods. The prediction accuracy of 

the learning model can be obtained through computation. Compare the prediction 

accuracy with traditional decision tree models and AdaBoost algorithm. Finally, using 

the improved decision tree model, the default probabilities of 123 companies that had 

credit record were calculated. Next, I will calculate the default probability and credit 

rating of 302 companies, and start building the bank's credit strategy model. Banks are 

not allowed to lend to enterprises with a credit rating of D, and are not allowed to lend 

to enterprises with a high probability of default. Establishing a credit disbursement 

strategy model based on nonlinear programming algorithm. The bank's credit strategy 

is shown in Figure 4. 

Bank credit strategy

Non-lending 

enterprises

Money lender

Too low a 

reputation

Better reputation

High probability 

of default

Lower probability of default

Credit rating of D

Negative 

theoretical returns

Concrete strategy Refuse to lend

Credit rating not D

Positive 

theoretical returns

Loan size 

Loan rate

Loan term

Concrete strategy

 
Figure 4 The bank's credit strategy 

 

For the bank, the goal of lending to different enterprises is to maximize loan 

returns while minimizing customer churn and default risk. This way, the bank can 

obtain relatively stable and generous loan returns, as well as a stable customer base, 

which is conducive to the development and profitability of the bank's business. 

Step 1: Do not grant loans to companies with a high probability of default 
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In the credit risk assessment model, the default probability of each enterprise has 

been obtained. When the default probability of the enterprise is too high, the 

enterprise is very likely to fail to repay, causing the bank to suffer losses. Therefore, 

we use the bank’s expected return 𝑡𝑗 for its current customer company 𝑗 to measure 

the company’s credit risk. Let 𝐴𝑗 be the loan amount of the enterprise, 𝑖𝑗 be the 

enterprise loan interest rate, and 𝑃𝑗 be the repayment probability of the enterprise. 

𝑡𝑗 = 𝐴𝑗 ⋅ 𝑖𝑗 ⋅ 𝑃𝑗 − 𝐴𝑗 ⋅ 0.22 ⋅ (1 − 𝑃𝑗). 

Suppose 𝑡𝑗 ≤ 0, The company is considered to have a high risk of default and the 

bank will not lend, and 𝑦𝑗 = 0. Suppose 𝑡𝑗 > 0, It is believed that the risk of default 

of the company is low, and the bank lends, and 𝑦𝑗 = 1. This formula represents the 

expected repayment amount of enterprise j after one year of borrowing, and the 

expected return that the bank can obtain. If the enterprise does not default and repays 

normally, the bank can obtain a profit on the loan amount, which is the return; if the 

enterprise defaults and cannot repay normally, the bank will suffer a large loss. 

Considering that the enterprise default does not mean that the principal and interest 

will not be repaid at all, and the default probability of small and micro enterprises is 

higher, if the calculation is based on the total loss of principal and interest, the 

expected return of almost all small and micro enterprises will be negative, and loans 

cannot be issued. Therefore, this article refers to relevant research and selects the one-

year average loan default loss rate of 0.22 for calculation to avoid the default of the 

loan being completely lost, resulting in too many enterprises with high default risks 

being identified and unable to issue loans. Therefore, the final loan amount of the 

enterprise is expressed as 𝐵𝑗, then: 𝐵𝑗 = 𝐴𝑗 ⋅ 𝑦𝑗 . Only when 𝑦𝑗 = 1, the bank will 

lend to the enterprise and set a specific loan amount and interest rate. 
Step 2: Bank’s credit strategy model 

Therefore, this research establishes a multi-objective programming model with 

the goals of maximizing loan returns, minimizing customer churn rates, and 

minimizing customer default risks. Based on the known conditions and assumptions 

of the problem, the planning model needs to meet the following constraints: 

(1) Banks have a certain limit on the loan amount for different enterprises, and the 

total loan amount for all enterprises does not exceed the bank's loan limit. 

(2) Banks have a certain range of loan interest rates for different enterprises. 

(3) Banks have the right to decide whether to lend to enterprises with different default 

risks. 

(4) Customer churn in banks can cause certain losses to expected returns, and the 

value of customer churn varies among enterprises of different scales. The final 

objective function is: 

𝑚𝑎𝑥𝑍 = ∑  

302

𝑗=1

𝑦𝑗[𝐴𝑗 ⋅ 𝑖𝑗 ⋅ (1 − 𝑅𝑗) − 𝐴𝑗 ⋅ 0.22 ⋅ 𝑅𝑗](1 − 𝑞𝑗) − 𝑀𝑗 ⋅ 𝑞𝑗 

The constraints that need to be met are: 
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∑  

302

𝑗=1

𝐴𝑗 ≤ 𝑑 

10 ≤ 𝐴𝑗 ≤ 𝐸𝑗 

0.04 ≤ 𝑖𝑘𝑗 ≤ 0.15 

𝑡𝑗 = 𝐴𝑗 ⋅ 𝑖𝑗 ⋅ 𝑃𝑗 − 𝐴𝑗 ⋅ 0.22 ⋅ (1 − 𝑃𝑗) 

𝑦𝑗 = {
0, 𝑡𝑗 ≤ 0

1, 𝑡𝑗 > 0
 

𝑞 = 𝑓(𝑖) 

𝑀 = 𝜂(𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7,𝑥8,𝑥9,𝑥10,𝑥11) 

𝑅 = 𝜙(𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7,𝑥8,𝑥9,𝑥10,𝑥11) 

𝑃 + 𝑅 = 1 

 

𝑀, 𝑃, 𝑅, 𝐸 are Representing customer churn value, enterprise repayment probability, 

enterprise default probability, and maximum loan limit respectively. 

Finally, formulate credit strategies for 302 enterprises without credit records. 

3.2.3 Methodology steps for objective 3 

Objective 3: Considering that the production, operation and economic benefits of 

enterprises may be affected by unexpected factors, such as the COVID-19 epidemic, 

we have comprehensively considered the credit risks of different industries and 

enterprise categories and their response strategies to ensure that banks can flexibly 

adjust credit policies in different situations and reduce potential risks. The main 

framework diagram is shown in the Figure 5. 
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Figure 5 Framework diagram of objective 3 

 

The production, operations, and profitability of enterprises are often influenced 

by a range of external factors, including the market environment, national policies, 

and unforeseen events. These factors can vary in their impact across different 

industries and types of businesses, and their effects are frequently transmitted to 

financial institutions through credit loans and other financial channels. As a result, 

such external influences can have a significant bearing on a bank's capital security and 

overall profitability. 

Given these complexities, it is crucial for banks to thoroughly assess the credit 

risks associated with each enterprise before making decisions on lending. This 

evaluation process should take into account not only the financial health and stability 

of the business but also the potential effects of unexpected external factors on its 

performance. These considerations are essential for determining the appropriate loan 

amount and the most suitable interest rate, ensuring that the bank can effectively 

mitigate risks while safeguarding its capital. In short, banks must adopt a 

comprehensive approach to credit risk assessment, factoring in both the inherent 

financial characteristics of the enterprises and the broader external uncertainties that 

could impact their ability to repay loans. 

Step 1: Based on the Statistical Classification Method of Large, Medium, Small 

and Micro Enterprises promulgated by the National Bureau of Statistics, the 

information of 302 enterprises is classified according to industry categories and 

enterprise scales, and is divided into 14 major industry categories and 4 major scale 

categories. 

Step 2: Taking the COVID-19 epidemic as an example, the severity of the 

impact of the epidemic on enterprises of different industries and sizes is analyzed 

from both macro and micro levels. From a macro perspective, this study selects 

representative listed company stocks in various industries, obtains stock price 

information of various industries since the outbreak of the COVID-19 epidemic based 

on the WIND database, and uses stock price fluctuations as a basic indicator for 

analyzing the development and recovery of the industry. At the micro level, this study 

randomly selected 72 companies from 302 companies to analyze their year-on-year 
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growth rates from January to February 2020 compared with the same period in 2018 

and 2019 to determine the operating conditions of the companies; 

Step 3: Based on a combination of macro and micro perspectives, this study 

divided various types of companies into four categories according to the degree of 

impact of the epidemic. 

Step 4: Since the COVID-19 epidemic is a major emergency that seriously 

affects social and economic development, the state and governments at all levels have 

introduced a variety of support policies to focus on helping industries in the hardest-

hit areas of the epidemic, especially to help small and medium-sized enterprises 

overcome difficulties. In terms of loans, banks are also required to increase credit 

support and the central government to arrange interest subsidy funds and other 

measures. When considering lending strategies, banks need to consider both national 

policy inclinations and the maximum profit of banks. Therefore, this study introduces 

market risk function, policy influencing factors and other indicators, and considers 

credit risk, market risk, national policy and social benefits at the same time, 

establishes a multi-objective nonlinear programming function, and solves it, and 

compares it with the results of credit risk analysis of 302 enterprises under the total 

credit amount strategy of 100 million yuan, and obtains the credit adjustment strategy 

of the bank when the annual credit limit is 100 million yuan. On the basis of Objective 

2, this article considers factors such as national policy bias and the degree of influence 

on various industries, and quantifies them, adding them to the loan strategy 

adjustment model to obtain the final multi-objective nonlinear programming model. 

The constraints that the model needs to meet are the same as Objective 2. The 

objective function of this model is as follow: 

𝑚𝑎𝑥𝑍 = ∑  

302

𝑗=1

𝑦𝑗[𝐴𝑗 ⋅ (1 + ℎ1𝑗)(1 − 𝑅𝑗)𝑖𝑗 ⋅ (1 − ℎ2𝑗) − 

𝐴𝑗 ⋅ 0.22 ⋅ (1 − ℎ2𝑗)𝑅𝑗] − 𝑀𝑗 ⋅ 𝑞𝑗 

ℎ1𝑗 is the coefficient of increase in loan quotas for different enterprises by banks, 

which is related to factors such as national policy subsidies, the industry of the 

enterprise, the scale of the enterprise, and customer churn rate, ℎ2𝑗 is the interest rate 

discount coefficient of the bank for different enterprises, and the influencing factors 

are the same as above; The constraints that need to be met are: 
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∑  

302

𝑗=1

𝑦𝑖𝐴𝑗 ≤ 𝑑 

10 ≤ 𝐴𝑗 ≤ 𝐸𝑗 

0.04 ≤ 𝑖𝑘𝑗 ≤ 0.15 

𝑡𝑗 = 𝐴𝑗 ⋅ 𝑖𝑗 ⋅ 𝑃𝑗 − 𝐴𝑗 ⋅ 0.22 ⋅ (1 − 𝑃𝑗) 

𝑦𝑗 = {
0, 𝑡𝑗 ≤ 0

1, 𝑡𝑗 > 0
 

𝑞 = 𝑓(𝑖) 

𝑀 = 𝜂(𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7,𝑥8,𝑥9,𝑥10,𝑥11) 

𝑅 = 𝜙(𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7,𝑥8,𝑥9,𝑥10,𝑥11) 

𝑃 + 𝑅 = 1 

 

𝑀, 𝑃, 𝑅, 𝐸 are Representing customer churn value, enterprise repayment 

probability, enterprise default probability, and maximum loan limit respectively. 

Finally, formulate credit strategies for 302 enterprises without credit records. 
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Figure 6 Map of the research methodology 

 

Figure 6 provides a detailed overview of the operational procedures and analytical 

methodologies utilized in this study. 
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3.3 Work Flowchart 
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RESULTS AND 
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CONCLUSIONS

 
Figure 7 Work Flowchart 

Figure 7 provides a detailed overview of the research work in this study. Mainly 

including research background, literature review, model construction, result analysis, 

conclusion and discussion. 
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Chapter 4 

RESULTS AND DISCUSSION 

This chapter presents the research findings, detailing the development and 

measurement of the credit risk indicator system. It offers a thorough analysis of credit 

strategies based on the risk profiles of SMEs. Additionally, the chapter explores the 

impact of unforeseen factors, such as economic disruptions or global crises, on credit 

strategies and risk assessments. Drawing from the results, the discussion proposes 

effective strategies that optimize the balance between risk and return for both SMEs 

and financial institutions. 

4.1 Construction and quantification of credit risk indicator system 

4.1.1 Data analysis and processing 

(1) Data analysis 

The data for enterprises with credit records is processed and analyzed, focusing 

on two key aspects: credit records and invoice information. The credit records are 

categorized into four levels: A, B, C, and D, with grade A representing the highest 

creditworthiness and grade D the lowest. The default record indicates whether an 

enterprise has ever defaulted on any obligation. Regarding invoice information, it is 

divided into input and output invoices. Input invoices refer to those issued by 

upstream enterprises when goods are purchased, while output invoices are issued by 

downstream enterprises when products are sold. Invoices are further classified into 

valid and invalid categories. Valid invoices represent successful transactions, whereas 

invalid invoices signify transactions that were canceled for various reasons, which 

may be tied to the enterprise's reputation. Additionally, some valid invoices are 

marked as negative, indicating that although a transaction initially occurred, it was 

later reversed, possibly due to issues related to the enterprise’s reputation. 

Specifically, the information contained in the invoice includes invoice number, 

invoice date, transaction unit code, amount, tax amount, price and tax total, and 

invoice status. The invoice date can be used to analyze the company's operating time 

and related time series data, the transaction unit code can be used to analyze the 

number and strength of the company's upstream and downstream companies, the 

amount and tax amount can be used to analyze the company's scale, strength and 
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repayment ability, and the invoice status can be used to analyze the company's 

reputation. There are a total of 210947 input invoices and 162484 output invoices. 

According to the credit level of the enterprise, the record of breach of contract, 

and the business time of the enterprise, the credibility status of an enterprise can be 

roughly judged. The article first analyzes the credit rating distribution of 123 

companies with credit records.  

①Enterprise's credibility distribution situation 

According to the credit level of the enterprise, the record of breach of contract, 

and the business time of the enterprise, the credibility status of an enterprise can be 

roughly judged. This article first analyzes the credit rating distribution of 123 

companies with credit records. 

 

Figure 8 Credit level distribution 

 

It can be seen through the distribution diagram of the credit grade that the 

distribution of four types of enterprises is relatively balanced. Among them, level B 

credit companies are the most, which shows that the reputation between enterprises is 

large. Large differences. Secondly, the article analyzes the operating duration of 123 

credit records. 
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Figure 9 Distribution of operation duration 
 

It can be seen from the distribution map of the operation duration that the 

operation time of most enterprises is within the scope of 31-40 months, that is, about 

three years or even less, and there is only one enterprise operating more than 40 

months. It reflects the characteristics of weak qualifications for small and medium -

sized enterprises and high operating risks. 

②Enterprise profit distribution 

Based on the total profit of the enterprise, it can be judged that the business 

status of an enterprise, and more importantly, the ability to repay the loan. Therefore, 

paying attention to the profit status of enterprises can effectively judge credit risk. 

Analysis of the profit of 123 companies. 

 

Figure 10 Profit range of the enterprises  
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It can be seen from Figure 10 that most of the companies' profits are greater than 

0, and they are in a profitable state, and the profit of 31 companies has reached more 

than 20 million yuan, which shows that overall views of small and medium -sized 

enterprises have strong repayment capabilities, credit risk is relatively compared low. 

③Enterprise scale distribution 

The scale of an enterprise serves as an indicator of its financial strength. The 

greater the company's financial resources, the lower the likelihood of default. The 

total value-added tax (VAT) is often closely tied to the primary business income of the 

enterprise. As such, this study uses the total VAT paid by the enterprise as a proxy for 

measuring the company's financial strength. 

 

Figure 11 Total output price and tax 

 

It can be seen from Figure 12 that the total output and price tax of most 

enterprises is less than 10 million, which reflects the small and medium -sized 

enterprises' small -scale characteristics. The scale indicates that the risk of defaults 

with these enterprises is low, which should be the main object of bank loan. 

④Enterprise fluctuation level distribution situation 

Whether the corporate fund fluctuations are stable is also an important aspect for 

banks to measure corporate credit risk. The smaller the degree of capital fluctuations, 

the more stable the business of the enterprise is, and it is not easy to go bankrupt to 

form bad debts. This article mainly observes the degree of volatility of the amount 

from the mutant coefficient of the monthly entry amount. The statistical results are 

shown in Figure 13. 
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Figure 12 Mutant coefficient distribution of input amount 

 

Generally speaking, the mutation coefficient is less than 0.25 that the data is 

relatively stable, but the amount of input amount of most enterprises that can be 

discovered is high, indicating that the flow of the enterprise is relatively unstable and 

has a large credit risk. There are only 10 companies from 10 companies. The amount 

of input amount is relatively stable. 

⑤The distribution of the number of corporate enterprises 

Through the upstream and downstream companies contacted by the enterprise, 

the influence of an enterprise in the industrial chain. The more companies they 

contacted, the greater the influence of this enterprise. Essence More upstream 

companies can improve the stability of the supply chain. When a supplier has a 

problem, the enterprise can obtain raw materials or services from other suppliers to 

reduce the risks caused by the interruption of supply. Having multiple suppliers can 

enhance the bargaining ability of the enterprise, as companies can use competition to 

reduce procurement costs. More downstream enterprises means that the company's 

market is more diversified, reducing dependence on single customers, thereby 

reducing financial risks. Diversified customer bases can provide enterprises with a 

more stable source of income. Even if some customers lose, the overall income can 

still remain stable. 
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Figure 13 The number of upstream and downstream enterprises 

 

(2) Data processing 

According to the above analysis results, the amount of invoice data is huge, and 

the data must be simplified. Since invalid invoices are invoices for unfinished 

transactions, they can be eliminated and not included in the final data of each 

enterprise. In addition, since negative invoices are returns of transactions, they should 

also be eliminated during calculation. In theory, negative invoices should correspond 

to previous transactions and then be deleted accordingly. If there is no corresponding 

transaction invoice, it can be considered that the enterprise has evaded taxes, which 

will affect its credibility and need to be evaluated in subsequent calculations. 

Since loans are not granted to D-level enterprises in principle, all D-level 

enterprises can be eliminated during calculations. Finally, after data processing, the 

simplified input invoices and output invoices greatly simplify the analysis difficulty. 

Finally, the article processes the outliers that appear and replaces them with the 

sequence mean. For example, the profit of some credit A enterprises is negative 1.6 

billion yuan, which is obviously unreasonable. 
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Figure 14 The relationship between loan interest rates and customer loss rates under 

different credit levels 

 

It can be seen from Figure 15 that the interest rate and customer loss rate are 

positively correlated, and at the same interest rate level, the loss rate of different 

reputation rating companies is different, and the loss rate of Class A enterprises is 

higher. 

 

Figure 15 Customer loss rate (credibility rating A) and the annual interest rate 

relationship of loans 

 

Observation can find that the customer loss rate 𝐿𝑟 is a functional value 

depending on the credibility rating and loan interest rate. Considering that the 

minimum value is 0 due to variables (customer loss rates), the minimum value is 0. 

Unable to apply the number conversion. It is impossible to calculate the composite 
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model, power model, S model, growth model, index distribution model, and logistic, 

so we mainly use the pair, one, two, and three models to fit the fitting test. Analysis of 

the impact of the annual interest rate of the loan on the customer's loss rate in the case 

of credibility rating, and obtained the regression function (Figure 16). Model 

Summary and Parameter Estimates is shown in Table 7. 

 

Table 7 Model Summary and Parameter Estimates 

Fitting Equation 
Model Summary Parameter Estimates 

𝑹𝟐 F Sig. constant 𝒃𝟏 𝒃𝟐 𝒃𝟑 

Linear 0.911 276.616 0.000 -0.098 7.524 / / 

Logarithm 0.982 1500.776 0.000 2.239 0.669 / / 

Quadratic 

polynomial 
0.993 1847.861 0.000 -0.697 21.984 -76.410 / 

Cubic Polynomial 0.998 3690.626 0.000 -1.121 37.970 -258.570 640.944 

 

After observation, you can know that the decideral coefficient 𝑅2 of the four fit 

models is 0.911, 0.982, 0.993, and 0.998, which meets the requirements of less than 

0.05. (Tables are displayed as 0) The best. After analysis and comparison, the final 

cubic polynomial fitting equations are finally selected as its regression function: 

A:𝐿𝑟1 = 640.944𝑟3 − 258.570𝑟2 + 37.970𝑟 − 1.121 

In the same way, the impact of analyzing the annual interest rate of loans on 

credibility rating in B and C, respectively. 

B:𝐿𝑟2 = 552.829𝑟3 − 225.051 + 33.995𝑟 − 1.017 

C:𝐿𝑟3 = 504.717𝑟3 − 207.386𝑟2 + 32.157𝑟 − 0.973 

In the above-mentioned forms, 𝐿𝑟 represents the fitting estimation value of the 

loss rate; 𝑟 represents the loan interest rate. 

4.1.2 Selection of enterprise characteristic variables and construction of 

indicator evaluation system 

The focus of the article is how to extract the operating characteristics that can 

measure the credit risk of the enterprise from the invoice information and credit 

records of the enterprise, and then quantify the credit risk of the enterprise based on 

these operating characteristics. According to the question, banks often provide loans 

to enterprises with strong strength and stable supply and demand relationships. In 

addition, characteristics such as repayment ability and high reputation are also 
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important factors that affect whether banks lend to enterprises. The following article 

will start from these four aspects to select indicators. 

(1) Enterprise strength 

The strength of an enterprise can be judged based on its size and transaction 

volume. This article selects the total input price and tax, total output price and tax, and 

total number of valid invoices as indicators to measure the size and transaction 

volume of an enterprise. 

① Total input price tax represents the overall value of products acquired by an 

enterprise within a given time frame. A higher total indicates a larger production and 

operational scale for the business. This metric serves as a useful indicator for 

assessing the size of an enterprise’s production capacity. By analyzing the total input 

price tax, one can gain insights into the scale of an enterprise's operations and its level 

of economic activity. The specific formula for calculating this value is as follows: 

𝑇𝑋𝑚𝑖 = ∑ 𝑡𝑥𝑚𝑖𝑘

𝑛𝑚

𝑘=1

. 

Among them, 𝑇𝑋𝑚𝑖 is the total input price and tax of the 𝑖 enterprise, is the input 

price and tax of the 𝑘 input invoice of the enterprise, and 𝑛𝑚 is the number of input 

invoices. 

The meaning of total sales price tax is similar to that of total input price tax. The 

specific calculation formula is: 

𝑇𝑋𝑒𝑖 = ∑ 𝑡𝑥𝑒𝑖𝑘 .

𝑛𝑒

𝑘=1

 

Among them, 𝑇𝑋𝑒𝑖 is the total sales price tax of the 𝑖 enterprise, 𝑡𝑥𝑒𝑖𝑘 is the sales 

price tax of the 𝑘 sales invoice of the enterprise, and 𝑛𝑒 is the number of sales 

invoices. 

② The total amount of valid invoices refers to the combined value of valid sales 

and purchase invoices issued by a company over a specified period. A higher total 

indicates a greater volume of legitimate transactions conducted by the company, 

reflecting a larger overall transaction volume. This metric serves as a reliable 

indicator for assessing the company’s transactional activity and business scale. By 
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analyzing the total amount of valid invoices, one can gauge the extent of a company’s 

operations. The specific calculation formula for determining this value is as follows: 

𝑛𝑖 = 𝑛𝑒𝑖 + 𝑛𝑚𝑖 . 

Among them, 𝑛𝑚𝑖and 𝑛𝑒𝑖 are the number of valid invoices for purchase and sales 

respectively, and 𝑛𝑖 is the total number of valid invoices for the 𝑖 enterprise. 

（2）Supply and demand stability 

The stability of the supply and demand relationship refers to the consistency and 

reliability of the connections between an enterprise and its upstream and downstream 

partners. This stability can be assessed by examining fluctuations in transaction 

volumes between the enterprise and its suppliers and customers. Smaller fluctuations 

indicate a more stable supply-demand relationship. Additionally, the stability can be 

evaluated by considering the number of upstream and downstream enterprises the 

company interacts with. A larger number of contacts suggests more purchasing and 

sales channels, contributing to a more stable relationship. Thus, this paper uses two 

key indicators to measure supply and demand stability: the coefficient of variation for 

both monthly input and monthly sales amounts, and the number of upstream and 

downstream enterprises the company engages with. 

① The coefficient of variation of the monthly input amount represents the 

variability in a company's monthly input expenditures, calculated on a month-to-

month basis. This coefficient serves as a measure of the degree of fluctuation within 

the data, providing insight into the stability of the company’s financial activities. By 

calculating the coefficient of variation, comparisons can be made between different 

companies, offering a standardized way to assess variability. A higher coefficient of 

variation indicates greater volatility in the company’s monthly input amounts, 

suggesting more instability in the supply and demand dynamics. This measure helps 

in understanding the extent to which a company’s financial activities fluctuate over 

time. The specific formula for calculating this coefficient is as follows: 

𝑐𝑚𝑖 =
𝑠𝑚𝑖

𝑥̅𝑚𝑖
. 

Where 𝑐𝑚𝑖  is the coefficient of variation of the monthly input amount of the 𝑖 

enterprise, 𝑠𝑚𝑖 is the standard deviation of the monthly input amount of the enterprise. 
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The calculation formula is 𝑠𝑚𝑖 = √∑ (𝑥𝑚𝑖−𝑥̅𝑚𝑖)𝑛
𝑖=1

2

𝑛−1
 , 𝑥̅𝑚𝑖 is the average monthly 

input amount, and the calculation formula is 
1

𝑛
∑ 𝑥𝑚𝑖

𝑛
𝑖=1 . 

② The concept of the monthly sales amount variation coefficient is similar to 

that of the monthly input amount variation coefficient. It measures the extent of 

fluctuation in a company’s monthly sales figures, providing an indicator of how stable 

or variable the company’s sales performance is over time. Just like the input amount 

variation coefficient, this metric helps to assess the degree of volatility in sales, which 

can reflect underlying changes in market demand, pricing strategies, or other business 

factors. A higher variation coefficient indicates greater sales instability, suggesting 

that the company's revenue generation may be subject to larger fluctuations. The 

specific formula used to calculate this coefficient is as follows: 

𝑐𝑒𝑖 =
𝑠𝑒𝑖

𝑥̅𝑒𝑖
. 

Where 𝑐𝑒𝑖 is the coefficient of variation of the monthly sales amount of the 𝑖 

enterprise, 𝑠𝑒𝑖 is the standard deviation of the monthly sales amount of the enterprise, 

and 𝑥̅𝑒𝑖 is the mean monthly sales amount. 

③ The number of upstream and downstream enterprises an enterprise engages 

with is determined by counting the total number of distinct businesses involved in the 

sales and purchase transactions reflected in the company's invoices. A higher number 

of connected upstream and downstream enterprises indicates a more extensive and 

diversified supply chain, which generally suggests a more stable supply and demand 

relationship. The greater the network of these interactions, the less dependent the 

enterprise is on any single supplier or customer, leading to reduced vulnerability to 

supply chain disruptions. Therefore, a robust network of upstream and downstream 

partners can contribute to greater operational stability for the enterprise. Define the 

number of upstream enterprises contacted by the 𝑖𝑡ℎ enterprise as 𝑄𝑠𝑖, and the number 

of downstream enterprises contacted as 𝑄𝑥𝑖. 

（3）Ability to repay loan 

The ability of an enterprise to repay a loan is directly related to its profitability. 

Only enterprises that can continue to make profits can repay their loans and avoid bad 

debt risks. This article selects the total profit of an enterprise as an indicator to 
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measure the ability of an enterprise to repay a loan. The specific calculation formula is 

as follows: 

𝜋𝑖 = 𝑇𝑋𝑒𝑖 − 𝑇𝑋𝑚𝑖 − 𝑇𝑖. 

Among them, 𝜋𝑖 is the total profit of the 𝑖 enterprise, and 𝑇𝑖 is the tax payable by 

the enterprise, which is equal to the output tax minus the input tax. 

（4）Credibility 

The creditworthiness of an enterprise is the most important factor in determining 

its credit risk. Creditworthiness refers to the possibility of an enterprise complying 

with a contract. The higher the creditworthiness of an enterprise, the lower its credit 

risk. Creditworthiness can be measured by indicators such as effective invoice rate, 

operating time, and credit rating. 

① The effective invoice rate represents the percentage of valid invoices relative 

to the total number of invoices issued by an enterprise. A higher rate of effective 

invoices indicates greater reliability and credibility of the enterprise, as it reflects a 

higher volume of legitimate, completed transactions. This metric serves as an 

important indicator of the company’s business integrity and operational transparency. 

The greater the proportion of valid invoices, the more trustworthy the enterprise is 

perceived to be, which can also positively impact its reputation and creditworthiness. 

The specific calculation formula for determining this rate is as follows: 

𝑅𝑖 =
𝑛𝑖

𝑛𝑖
′. 

Among them, 𝑅𝑖 is the effective invoice rate of the enterprise, 𝑛𝑖 is the number of 

effective invoices, and 𝑛𝑖
′ is the total number of invoices. 

② The operating time of an enterprise is another key factor in assessing its 

reputation. Typically, a longer operational history is associated with a stronger 

reputation, as it suggests greater experience, stability, and trustworthiness in the 

market. In this study, the operating time of an enterprise is calculated by determining 

the difference between the date of its first invoice and the date of its most recent 

invoice. This method provides a clear indication of the enterprise’s duration of activity 

and serves as a useful proxy for its operational stability and reputation in the industry. 

The longer the time span between the first and last invoices, the more established and 
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reliable the enterprise is likely to be perceived, and defines the operating time of the 𝑖 

enterprise as 𝑡𝑖. 

③ Credit rating is a reputation indicator that is comprehensively evaluated by 

bank professionals based on various indicators of the enterprise, which can effectively 

measure the reputation of the enterprise. In order to facilitate quantitative analysis, 

this paper converts the four ratings into numerical values, as shown in Table 8. 

Table 8 Rating conversion 
Credit Rating A B C D 

Corresponding Value 80 60 40 20 

 

In addition, enterprises with a record of default will be given a downgrade 

penalty and their credit scores will be reassessed. In summary, this article summarizes 

11 indicators for assessing four aspects of corporate credit risk. The four aspects are 

strength, supply and demand relationship, repayment ability, and credibility. The 11 

indicators are the total price and tax of import and export items, total profit, monthly 

import and export amount variation coefficient, total number of valid invoices, 

proportion of valid invoices, total number of upstream and downstream enterprises, 

and operating time. In this way, an enterprise credit risk assessment indicator system 

can be constructed, as shown in Figure 17. 

 

Figure 16 Enterprise Credit Risk Index System 
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Therefore, this paper obtains an enterprise credit risk indicator system, and then 

the credit risk of each enterprise can be quantified based on this system. 

4.1.3 Quantifying corporate credit risk 

(1) Entropy weight method result 

Using the values of the various indicators and the evaluation system developed 

earlier, the credit risk of each enterprise can be quantified. The first step in this 

process is to assign appropriate weights to each indicator. To minimize the potential 

for subjectivity in the weighting process and ensure more objective results, this study 

utilizes the entropy weight method, which is a data-driven approach for calculating 

the weights. Once the weights are determined, the TOPSIS (Technique for Order 

Preference by Similarity to Ideal Solution) method is employed to assess the credit 

risk of each enterprise. This approach helps quantify the relative credit risk of 

enterprises by comparing their performance against ideal and worst-case scenarios. 

The weighted results for the 11 indicators are presented in Table 9. 

Table 9 Index weight results 
Index Total input 

price and tax 

Total sales 

price and tax 

Total valid 

invoices 

Monthly input amount 

coefficient of variation 

Monthly sales amount 

coefficient of variation 

Weights 0.3078 0.1819 0.0011 0.0018 0.0058 

Index Number of 

upstream 

enterprises 

Number of 

downstream 

enterprises 

Total profit Operation time Percentage 

of valid 

invoices 

Credit 

rating 

Weights 0.1017 0.0023 0.0939 0.1679 0.1110 0.0248 

（2）TOPSIS method to quantify corporate credit risk results 

Finally, we obtained the quantitative credit risks of 123 enterprises. Due to space 

limitations, we only show the credit risks of the top 10 and bottom 10 enterprises here 

(Table 10). For specific results, see Appendix Table A.1. 

Table 10 Quantified value of credit risk of some Companies 
Company 

Code 

Credit 

Risk 

TOPSIS 

Score 

Company 

Code 

Credit 

Risk 

TOPSIS 

Score 

C1 0.3299 0.6701 C114 0.9979 0.0021 

C2 0.7828 0.2172 C115 0.9987 0.0013 

C3 0.8921 0.1079 C116 0.9980 0.0020 

C4 0.8327 0.1673 C117 0.9987 0.0013 

C5 0.9646 0.0354 C118 0.9938 0.0062 

C6 0.9078 0.0922 C119 0.9976 0.0024 

C7 0.8750 0.1250 C120 0.9982 0.0018 

C8 0.8098 0.1902 C121 0.9934 0.0066 

C9 0.9414 0.0586 C122 0.9961 0.0039 

C10 0.9468 0.0532 C123 0.9984 0.0016 
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The article compares the results of enterprise quantified risk with the credit 

rating provided by the original data to facilitate verification of the rationality and 

accuracy of the model. 

 

Figure 17 Credit rating vs. TOPSIS score 

 

As shown in Figure 17, the changing trends of the two variables are basically the 

same, and the degree of fit is very high, which shows that the credit risk calculated in 

this paper is very accurate and the credit strategy can be analyzed based on this data. 
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4.2 Credit strategy analysis 

4.1.1 Simulation 

Accuracy is a direct indicator, but it may not be accurate enough when the data is 

unbalanced. Area Under Curve (AUC) provides a more comprehensive view of the 

model's discriminative ability and is suitable for scenarios with imbalanced datasets 

and multiple thresholds that need to be considered. 

Divide the training set and test set into 70%, 80%, and 90% ratios respectively, 

and ensure that the test set is consistent each time. Use 70% of the training set to train 

the three models of Gradient Descent Decision Tree Algorithm an, AdaBoost 

algorithm, and a different decision tree algorithm, and record the training time and 

performance of each model. Repeat the above steps and use 80% and 90% of the 

training set to train models Decision Tree Algorithm, AdaBoost Algorithm, and 

Gradient Descent Decision Tree Algorithm respectively. In the test set, calculate the 

prediction results of each model, generate the Receiver Operating Characteristic 

(ROC) curve, and calculate the AUC value. Record the AUC values of each model 

under different training set ratios. Compare the AUC values of the three models under 

different training set ratios, and analyze their performance in unbalanced data. The 

simulation results are shown in Figure 18~20. 

 

Figure 18 Comparison of results of different models with 70% training set, 30% test 

set 
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Figure 19 Comparison of results of different models with 80% training set, 20% test 

set 
 

 

Figure 20 Comparison of results of different models with 90% training set, 10% test 

set 
 

From the simulation results, we can see that the AUC value of the area under the 

ROC curve of Gradient Descent Decision Tree Algorithm reaches 0.99. At the same 

time, the AUC value of the AdaBoost algorithm is 0.97, and the AUC value of the 
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traditional decision tree algorithm is 0.82, and The Gradient Descent Decision Tree 

Algorithm works well. Next, I will use the Gradient Descent Decision Tree Algorithm 

to calculate the default probability of 302 companies without credit records. 

4.1.2 Results of default probability and credit rating of 302 enterprises 

Through the Gradient Descent Decision Tree Algorithm, the results of default 

probability and credit rating of 302 enterprises are calculated and shown in Table 11. 

Table 11 default probability and credit rating of 302 enterprises 

Company  

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

D1 NO A D77 NO B D153 NO B D229 NO D 

D2 NO A D78 NO B D154 NO B D230 YES C 

D3 NO B D79 NO B D155 NO B D231 NO A 

D4 NO A D80 NO B D156 NO C D232 YES B 

D5 NO C D81 NO A D157 NO B D233 NO B 

D6 NO A D82 NO B D158 NO B D234 NO D 

D7 NO B D83 NO C D159 NO A D235 YES B 

D8 NO C D84 NO B D160 NO A D236 NO B 

D9 NO A D85 NO B D161 NO B D237 YES C 

D10 NO B D86 NO A D162 NO C D238 YES C 

D11 NO A D87 NO B D163 YES B D239 NO C 

D12 NO B D88 NO A D164 NO B D240 YES D 

D13 NO B D89 NO A D165 NO B D241 NO A 

D14 NO B D90 NO C D166 NO A D242 NO C 

D15 NO A D91 NO B D167 NO B D243 NO C 

D16 NO A D92 NO B D168 YES B D244 NO C 

D17 NO B D93 NO B D169 NO A D245 YES C 

D18 NO A D94 YES B D170 NO C D246 NO A 

D19 NO B D95 YES B D171 NO B D247 YES B 

D20 NO C D96 NO C D172 NO B D248 YES D 

D21 NO C D97 NO C D173 NO C D249 NO B 

D22 NO C D98 NO C D174 NO B D250 NO D 

D23 NO A D99 NO C D175 NO A D251 NO C 

D24 NO A D100 NO C D176 NO C D252 NO B 
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Company  

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

D25 NO B D101 NO B D177 NO B D253 NO D 

D26 NO B D102 NO A D178 NO B D254 YES D 

D27 NO A D103 NO B D179 NO B D255 NO B 

D28 NO B D104 NO B D180 NO B D256 YES B 

D29 NO A D105 NO C D181 NO B D257 YES C 

D30 NO C D106 NO B D182 NO B D258 NO D 

D31 NO A D107 NO B D183 NO B D259 NO D 

D32 NO B D108 NO B D184 NO C D260 NO C 

D33 NO C D109 NO B D185 NO B D261 YES D 

D34 NO B D110 NO B D186 NO B D262 YES C 

D35 NO B D111 NO B D187 NO B D263 YES C 

D36 NO B D112 NO B D188 NO B D264 NO C 

D37 NO A D113 NO B D189 NO C D265 NO B 

D38 NO B D114 NO B D190 NO C D266 NO D 

D39 NO A D115 NO A D191 NO B D267 NO C 

D40 NO B D116 NO B D192 NO A D268 NO B 

D41 NO A D117 YES B D193 NO B D269 NO B 

D42 NO A D118 NO B D194 NO B D270 NO B 

D43 NO A D119 YES B D195 NO B D271 YES D 

D44 NO C D120 NO B D196 NO A D272 YES D 

D45 NO B D121 NO B D197 NO C D273 NO D 

D46 NO A D122 NO C D198 NO C D274 YES D 

D47 NO B D123 NO C D199 NO B D275 NO D 

D48 NO C D124 NO B D200 YES B D276 YES D 

D49 NO B D125 NO C D201 NO C D277 NO D 

D50 NO A D126 NO B D202 NO C D278 YES D 

D51 NO B D127 NO B D203 NO A D279 YES D 

D52 NO C D128 NO C D204 NO B D280 YES D 

D53 NO A D129 NO B D205 NO C D281 YES C 

D54 NO C D130 NO B D206 NO C D282 YES D 

D55 NO B D131 NO B D207 NO C D283 YES D 
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Company  

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

Company 

Code 

Default 

Situation 

Credit 

Rating 

D56 NO B D132 NO B D208 NO C D284 YES C 

D57 NO A D133 NO B D209 NO B D285 YES D 

D58 NO A D134 NO B D210 NO B D286 NO D 

D59 NO B D135 NO A D211 NO B D287 NO D 

D60 NO C D136 NO B D212 NO B D288 NO D 

D61 NO B D137 NO A D213 NO C D289 NO D 

D62 NO A D138 NO A D214 NO B D290 YES D 

D63 NO B D139 NO B D215 NO C D291 YES D 

D64 YES B D140 NO B D216 NO A D292 NO D 

D65 NO A D141 YES C D217 YES C D293 YES D 

D66 NO B D142 NO C D218 NO C D294 NO D 

D67 NO C D143 NO C D219 YES B D295 NO D 

D68 NO A D144 NO B D220 NO B D296 NO D 

D69 NO C D145 NO B D221 NO D D297 NO D 

D70 NO A D146 NO C D222 NO D D298 NO D 

D71 NO A D147 NO C D223 NO B D299 NO D 

D72 NO A D148 NO C D224 YES A D300 YES D 

D73 NO A D149 NO C D225 NO C D301 NO D 

D74 NO A D150 NO C D226 NO C D302 YES D 

D75 NO B D151 NO B D227 NO D    

D76 NO B D152 NO B D228 NO D    

 

 

Figure 21 Credit level distribution 
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Figure 22 Proportion of different credit ratings in the two groups of samples 

Table 11 presents a comprehensive overview of the default situations and credit 

ratings of a diverse set of companies, identified by unique company codes ranging 

from D1 to D302. Each company is assessed on two critical parameters: their current 

default situation, which indicates whether they have encountered a default event, and 

their credit rating, which reflects their creditworthiness. 

The dataset reveals that the majority of enterprises have a default situation 

marked as "NO," signifying no occurrence of defaults. However, a smaller subset of 

companies is flagged with a "YES," indicating instances of default. This 

differentiation is vital for understanding the financial stability and risk profiles of the 

enterprises. 

Credit ratings are categorized into several levels, including "A," "B," "C," and 

"D," which likely denote descending levels of credit quality or financial reliability. A 

noteworthy observation is that most enterprises fall under the "B" and "C" categories, 

suggesting moderate to lower credit quality. Companies rated "A" appear to exhibit 

higher creditworthiness, while those rated "D" may represent the highest risk of 

default. 

Further, the interplay between default situations and credit ratings reveals 

intriguing insights. For instance, companies with a "YES" default situation 

predominantly fall within the lower credit rating tiers ("B," "C," and "D"), 
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underscoring the correlation between poor credit ratings and higher default 

probabilities. Conversely, entities rated "A" generally exhibit "NO" default situations, 

reflecting stronger financial health. 

4.1.3 Quantification results of credit risk of 302 enterprises 

The research obtained the quantitative credit risks of 302 enterprises. Due to 

space limitations, the research only shows the credit risks of the top 10 and bottom 10 

enterprises here (Table 12). For specific results, see Appendix Table A.2. 

 

Table 12 Quantified value of credit risk of some Companies 
Company Code Credit Risk Company Code Credit Risk 

D1 0.2859 D293 0.6876 

D2 0.2859 D294 0.5727 

D3 0.2773 D295 0.5572 

D4 0.2727 D296 0.5243 

D5 0.4307 D297 0.6930 

D6 0.2602 D298 0.7101 

D7 0.2818 D299 0.7146 

D8 0.2754 D300 0.5616 

D9 0.2870 D301 0.5724 

D10 0.2857 D302 0.7061 

 

The article compares the results of enterprise quantified risk with the credit 

rating provided by the original data to facilitate verification of the rationality and 

accuracy of the model. 

 

Figure 23 Credit risk of 302 enterprises 
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As shown in Figure 24, the variation in credit risk among a group of 302 

enterprises, identified by their unique company codes (D1 to D302) on the x-axis. The 

y-axis represents the credit risk levels, with values ranging from approximately 0.2 to 

0.8. The credit risk metric reflects the probability of default or the financial 

vulnerability of each enterprise. 

The graph reveals significant fluctuations in credit risk across companies. In the 

initial section, the credit risk values exhibit relatively lower and consistent levels, 

indicating better financial stability among these enterprises. As the company codes 

progress, an upward trend becomes evident, with the amplitude of fluctuations also 

increasing. This suggests a higher degree of variability and a rise in credit risk for 

enterprises in the latter part of the dataset. 

Notably, the graph includes sharp peaks and troughs at various intervals, 

highlighting significant disparities in risk levels even among closely positioned 

companies. The companies towards the far right demonstrate the highest credit risk 

values, surpassing 0.7, indicating a heightened likelihood of financial instability or 

default. 

This visualization is a valuable tool for identifying patterns and outliers in credit 

risk distribution. Enterprises with extreme credit risk levels may warrant closer 

attention, either as potential default candidates or as examples of financial robustness. 

Such insights are critical for stakeholders in financial risk management, lending, and 

investment decision-making. 

4.1.4 Credit strategies of 302 enterprises 

The constructed model calculates the bank loan strategies of 302 enterprises, 

including whether to lend, loan amount and loan interest rate. The specific results are 

shown in Table 13. 

Table 13 Credit strategies of 302 enterprises 

Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D1 Yes 11.67 6.53% D152 Yes 63.83 15.00% 

D2 Yes 21.07 5.47% D153 Yes 40.76 9.50% 

D3 Yes 21.06 5.78% D154 Yes 33.04 4.96% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D4 Yes 21.05 6.27% D155 Yes 40.76 9.50% 

D5 Yes 21.06 5.78% D156 Yes 34.01 14.99% 

D6 Yes 21.05 6.27% D157 Yes 13.06 5.77% 

D7 Yes 21.05 6.44% D158 Yes 40.76 9.50% 

D8 Yes 21.05 6.27% D159 Yes 73.02 4.33% 

D9 Yes 21.05 6.27% D160 Yes 33.04 4.79% 

D10 Yes 21.06 5.78% D161 Yes 33.05 4.65% 

D11 Yes 41.04 4.79% D162 Yes 13.05 6.27% 

D12 Yes 61.03 4.13% D163 Yes 33.05 4.61% 

D13 Yes 61.03 4.07% D164 Yes 40.76 9.50% 

D14 Yes 61.04 4.01% D165 Yes 13.07 5.65% 

D15 Yes 21.06 5.78% D166 Yes 33.04 4.96% 

D16 Yes 21.05 6.27% D167 Yes 33.04 4.96% 

D17 Yes 61.02 4.33% D168 Yes 40.76 9.50% 

D18 Yes 41.04 4.96% D169 Yes 40.76 9.50% 

D19 Yes 41.04 4.79% D170 Yes 40.76 9.50% 

D20 Yes 61.03 4.13% D171 Yes 33.03 5.86% 

D21 Yes 41.04 4.79% D172 Yes 20.77 9.50% 

D22 Yes 41.04 4.79% D173 Yes 33.09 4.38% 

D23 Yes 61.04 4.01% D174 Yes 40.76 9.50% 

D24 Yes 71.03 4.12% D175 Yes 40.76 9.50% 

D25 Yes 41.04 4.96% D176 Yes 33.04 4.95% 

D26 Yes 71.03 4.13% D177 Yes 40.76 9.50% 

D27 Yes 71.04 4.01% D178 Yes 40.76 9.50% 

D28 Yes 71.03 4.13% D179 Yes 40.76 9.50% 

D29 Yes 41.04 4.79% D180 Yes 40.76 9.50% 

D30 Yes 21.05 6.27% D181 Yes 40.76 9.50% 

D31 Yes 71.03 4.12% D182 Yes 33.04 4.96% 

D32 Yes 21.07 5.65% D183 Yes 40.76 9.50% 

D33 Yes 21.86 14.99% D184 Yes 20.77 9.50% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D34 Yes 41.84 14.99% D185 Yes 40.76 9.50% 

D35 Yes 71.04 4.01% D186 Yes 40.76 9.50% 

D36 Yes 21.06 5.77% D187 Yes 20.77 9.50% 

D37 Yes 71.03 4.12% D188 Yes 33.05 4.69% 

D38 Yes 71.02 4.33% D189 Yes 40.76 9.50% 

D39 Yes 71.97 15.00% D190 Yes 40.76 9.50% 

D40 Yes 71.02 4.33% D191 Yes 40.76 9.50% 

D41 Yes 21.05 6.27% D192 Yes 40.76 9.50% 

D42 Yes 41.04 4.79% D193 Yes 40.76 9.50% 

D43 Yes 41.8 14.99% D194 Yes 20.77 9.50% 

D44 Yes 41.04 4.95% D195 Yes 40.76 9.50% 

D45 Yes 71.03 4.13% D196 Yes 40.76 9.50% 

D46 Yes 71.03 4.13% D197 Yes 20.77 9.50% 

D47 Yes 41.04 4.79% D198 Yes 40.76 9.50% 

D48 Yes 41.04 4.96% D199 Yes 33.88 14.99% 

D49 Yes 71.03 4.13% D200 Yes 40.76 9.50% 

D50 Yes 41.04 4.95% D201 Yes 40.76 9.50% 

D51 Yes 41.04 4.79% D202 Yes 40.76 9.50% 

D52 Yes 41.04 4.95% D203 Yes 40.76 9.50% 

D53 Yes 71.02 4.33% D204 Yes 33.03 5.86% 

D54 Yes 71.02 4.33% D205 Yes 20.77 9.50% 

D55 Yes 41.04 4.78% D206 Yes 40.76 9.50% 

D56 Yes 71.03 4.13% D207 Yes 40.76 9.50% 

D57 Yes 41.05 4.65% D208 Yes 40.76 9.50% 

D58 Yes 41.04 4.78% D209 Yes 33.04 4.96% 

D59 Yes 41.05 4.65% D210 Yes 40.76 9.50% 

D60 Yes 41.04 4.79% D211 Yes 40.76 9.50% 

D61 Yes 41.05 4.65% D212 Yes 40.76 9.50% 

D62 Yes 71.03 4.13% D213 Yes 40.76 9.50% 

D63 No 41.04 4.79% D214 Yes 40.76 9.50% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D64 No 0 9.50% D215 Yes 20.77 9.50% 

D65 No 0 4.76% D216 Yes 40.76 9.50% 

D66 No 0 4.79% D217 Yes 33.1 4.48% 

D67 Yes 41.04 4.96% D218 Yes 40.76 9.50% 

D68 Yes 71.02 4.40% D219 Yes 40.76 9.50% 

D69 Yes 41.04 4.79% D220 Yes 40.76 9.50% 

D70 Yes 21.05 6.27% D221 No 0 14.99% 

D71 Yes 41.04 4.96% D222 No 0 9.50% 

D72 Yes 71.03 4.12% D223 Yes 20.77 9.50% 

D73 Yes 41.04 4.96% D224 Yes 40.76 9.50% 

D74 Yes 71.03 4.13% D225 Yes 40.76 9.50% 

D75 Yes 41.99 14.99% D226 Yes 40.76 9.50% 

D76 Yes 41.84 14.99% D227 No 0 9.50% 

D77 Yes 21.06 5.75% D228 No 0 9.50% 

D78 Yes 41.05 4.65% D229 No 0 9.50% 

D79 Yes 21.05 6.27% D230 Yes 40.76 9.50% 

D80 Yes 41.04 4.79% D231 Yes 0 9.50% 

D81 Yes 71.02 4.33% D232 Yes 40.76 9.50% 

D82 Yes 21.05 6.27% D233 Yes 40.76 9.50% 

D83 Yes 71.04 4.01% D234 No 0 9.50% 

D84 Yes 21.06 5.77% D235 Yes 33.06 4.49% 

D85 Yes 21.06 6.23% D236 No 0 9.50% 

D86 Yes 41.05 4.65% D237 Yes 40.76 9.50% 

D87 Yes 41.04 4.79% D238 Yes 40.76 9.50% 

D88 Yes 21.06 5.78% D239 Yes 40.76 9.50% 

D89 Yes 41.04 4.96% D240 No 0 9.50% 

D90 Yes 71.03 4.12% D241 Yes 40.76 9.50% 

D91 Yes 41.04 4.96% D242 Yes 40.76 9.50% 

D92 Yes 41.03 5.02% D243 Yes 40.76 9.50% 

D93 Yes 41.04 4.79% D244 No 0 9.50% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D94 Yes 22.77 9.50% D245 Yes 33.06 4.49% 

D95 Yes 41.03 5.00% D246 No 0 9.50% 

D96 Yes 41.14 14.99% D247 Yes 40.76 9.50% 

D97 Yes 71.03 4.12% D248 No 0 9.50% 

D98 Yes 41.04 4.96% D249 No 0 9.50% 

D99 Yes 71.04 4.01% D250 No 0 9.50% 

D100 Yes 71.03 4.12% D251 No 0 9.50% 

D101 Yes 71.02 4.31% D252 Yes 40.76 9.50% 

D102 Yes 41.04 4.79% D253 No 0 9.50% 

D103 Yes 41.04 4.78% D254 No 0 9.50% 

D104 Yes 41.05 4.75% D255 Yes 33.03 5.18% 

D105 Yes 81.83 15.00% D256 Yes 40.76 9.50% 

D106 Yes 41.04 4.95% D257 Yes 33.05 4.65% 

D107 Yes 41.04 4.96% D258 No 0 4.45% 

D108 Yes 41.03 5.00% D259 No 0 9.50% 

D109 Yes 41.73 14.99% D260 Yes 33.06 4.49% 

D110 Yes 41.03 5.02% D261 No 0 9.50% 

D111 Yes 41.04 4.79% D262 Yes 40.76 9.50% 

D112 Yes 21.06 5.78% D263 Yes 13.1 4.95% 

D113 Yes 21.05 6.27% D264 Yes 40.76 9.50% 

D114 Yes 21.07 5.47% D265 No 0 9.50% 

D115 Yes 21.86 14.99% D266 No 0 9.50% 

D116 Yes 21.07 5.41% D267 Yes 40.76 9.50% 

D117 Yes 28.77 9.50% D268 No 0 9.50% 

D118 Yes 21.05 6.27% D269 Yes 40.76 9.50% 

D119 Yes 28.77 9.50% D270 No 0 9.50% 

D120 Yes 81.02 4.33% D271 No 0 9.50% 

D121 Yes 21.05 6.27% D272 No 0 9.50% 

D122 Yes 41.84 14.99% D273 No 0 9.50% 

D123 Yes 41.04 4.96% D274 No 0 9.50% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D124 Yes 41.04 4.79% D275 No 0 9.50% 

D125 Yes 71.04 4.01% D276 No 0 9.50% 

D126 Yes 41.04 4.96% D277 No 0 9.50% 

D127 Yes 41.04 4.96% D278 No 0 9.50% 

D128 Yes 41.08 4.37% D279 No 0 4.53% 

D129 Yes 41.04 4.79% D280 No 0 9.50% 

D130 Yes 41.05 4.65% D281 No 0 9.50% 

D131 Yes 41.04 4.96% D282 No 0 9.50% 

D132 Yes 21.05 6.27% D283 No 0 9.50% 

D133 Yes 41.06 14.22% D284 Yes 33.06 4.49% 

D134 Yes 41.04 4.79% D285 No 0 9.50% 

D135 Yes 71.02 4.33% D286 No 0 9.50% 

D136 Yes 71.02 4.33% D287 No 0 9.50% 

D137 Yes 71.04 4.01% D288 No 0 4.61% 

D138 Yes 41.04 4.79% D289 No 0 9.50% 

D139 Yes 21.06 5.77% D290 No 0 9.50% 

D140 Yes 41.04 4.79% D291 No 0 9.50% 

D141 No 0 9.50% D292 No 0 9.50% 

D142 Yes 41.05 4.75% D293 No 0 9.50% 

D143 Yes 41.04 4.96% D294 No 0 9.50% 

D144 Yes 71.02 4.33% D295 No 0 9.50% 

D145 Yes 41.04 4.96% D296 No 0 9.50% 

D146 Yes 41.04 4.96% D297 No 0 9.50% 

D147 Yes 21.06 5.78% D298 No 0 9.50% 

D148 Yes 82 15.00% D299 No 0 9.50% 

D149 Yes 21.14 4.71% D300 No 0 9.50% 

D150 Yes 21.05 6.27% D301 No 0 9.50% 

D151 Yes 41.04 4.79% D302 No 0 9.50% 
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As shown in Table 13, 243 enterprises have obtained bank loans, accounting for 

80.46% of the total number of enterprises, and the remaining 59 enterprises have not 

obtained loans, accounting for 19.54%. The loan decision tendency shows that banks 

are more strict in selecting enterprises, and may focus on certain specific industries or 

enterprise characteristics (such as profitability and asset quality). The average loan 

amount of enterprises that obtained loans was 331,100 yuan, the median was 407,600 

yuan, and the distribution range of loan amounts was 0 yuan to 820,000 yuan. The 

proportion of enterprises with small loans (500,000 yuan) was the highest, reaching 

85%, indicating that banks tend to provide enterprises with small-scale financial 

support with lower risks. The average level of loan interest rates was 7.37%, and the 

median was 6.27%. The highest loan interest rate reached 15%, and the lowest interest 

rate was 4.01%. Further analysis found that large loans are usually accompanied by 

lower interest rates, and small loan enterprises may bear higher interest costs. 

4.3 Credit strategies under unexpected factors 

4.3.1 The industry and scale classification of the enterprise 

Because various types of emergencies may have different impacts on enterprises 

in different industries, different sizes, and different categories. It is necessary to 

classify various types of enterprises and study enterprises in different enterprises and 

industry categories. Based on the above classification, the statistics of the 302 

enterprise classification results are shown in Table 14. 

Table 14 The scale and industry statistics of 302 companies 

Number Industry category 
Small 

enterprise 

Micro -

enterprise 

Individual 

household 
Total 

1 Industry 9  21  3  33  

2 
Construction 

industry 
5  33  0  38  

3 
Transportation 

industry 
12  38  0  50  

4 Retail industry 4  5  0  9  

5 
Agriculture, forestry 

and fisheries 
2  12  0  14  

6 Wholesale 3  3  0  6  

7 Software and 12  10  0  22  
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Number Industry category 
Small 

enterprise 

Micro -

enterprise 

Individual 

household 
Total 

information 

technology service 

industry 

8 
Property 

management 
0  2  0  2  

9 

Information 

transmission 

industry 

4  4  0  8  

10 Accommodation 0  2  0  2  

11 

Leasing and 

business service 

industry 

0  47  0  47  

12 Catering industry l 1  0  2  

13 

Real estate 

development and 

operation 

0  3  0  3  

14 
Other unimpeded 

industries 
0  12  54  66  

 

From Table 14, we can see that most of the 302 enterprises are small or micro 

enterprises or individual business owners, with no medium-sized enterprises. Among 

them, micro enterprises in the Transportation industry, Construction industry, and 

Leasing and business service industry account for the highest proportion. 

4.3.2 Analysis of the impact of unexpected factors on enterprises 

Emergency is a general term for unexpected events. Such events usually cause 

huge economic losses or casualties, and even endanger the country's political security 

and economic security. Emergency events usually have the characteristics of 

incomplete information, suddenness, and high uncertainty. For small and medium-

sized enterprises in the market economy environment, due to the lack of talent 

resources, cash flow shortages, and fragile capital chains, most small and medium-

sized enterprises have low risk tolerance. If they do not get loans or external 

assistance when dealing with emergencies, it is difficult to overcome difficulties by 
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themselves. The overall emergency factors can be divided into two categories: macro-

level emergency factors and micro-level emergency factors. The former may often be 

caused by a chain reaction caused by major national or global political, economic, and 

public health events (such as Sino-US trade frictions, the outbreak of the new crown 

pneumonia epidemic, etc.), and the latter may be caused by a series of problems 

caused by the enterprise itself or the upstream and downstream supply chain (such as 

product quality defects, public relations crises, supply chain breaks, etc.). The various 

emergency factors are extremely complex. This study takes the outbreak of the new 

crown pneumonia epidemic as an example to analyze in detail the impact of this 

major public health emergency on different enterprises as shown in Figure 24. 

Emergency

Incompleteness 

of information

Major industry

Stabilized demand, markets 

and supply chains

Macro level

Political, economic, public health events, etc.

Micro level

Quality defects, Public relations crisis, supply chain breakdowns, etc.

Adequate stock 

of resources

Proven Emergency 

Response Program

Sudden
High level of 

uncertainty

Small, medium and 

microenterprise

Low reserve 

of resources

The financial chain is 

vulnerable to breakage

Weak risk 

tolerance
 

Figure 24 Emergency analysis process 

 

In order to evaluate the impact of the COVID-19 epidemic on different industries 

and different types of enterprises, this study will analyze them from the macro and 

micro levels. At the macro level, the price fluctuations of the stock market can often 

reflect the development status of the entire industry very realistically and quickly, and 

can be regarded as the "barometer" of the development of each industry. Therefore, 

this study selects 1-3 typical listed company stocks in each industry as the analysis 

objects, and analyzes the stock price change trend, rise and fall of the target 

companies during the COVID-19 epidemic, so as to judge the impact of the COVID-

19 epidemic on different industries. At the micro level, since the COVID-19 epidemic 

broke out in January 2020, and the data of 302 companies without credit records and 
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credit ratings contain the invoice information of the companies from January to 

February 2020, the turnover of the 302 companies in January and February of each 

year is calculated, and the year-on-year growth analysis of the sales is carried out, and 

then the degree of impact of the COVID-19 epidemic on enterprises of different sizes 

and industries is analyzed. The specific idea is shown in Figure 25. 

 

Analysis of the impact of the epidemic on companies

Macro-level Micro-level

Analysis of stock market volatility

Long-term price trends Short-term gains and losses

Changes in companies turnover during the epidemic

Year-on-year comparison chain comparison
 

Figure 25 Analysis of the impact of the epidemic on enterprises 

 

Through investigation and screening, this paper selects representative listed 

companies in various industries for analysis. This study uses well-known financial 

websites such as Sina Finance and East money to analyze the daily price change 

information of the above stocks. The outbreak of the epidemic was set to January 20, 

2020. From January 20 to September 30, 2020, the maximum decline of the selected 

company's stocks, the time for the first recovery to rise, and the time required to 

restore the stock price before the epidemic were calculated. The maximum decline of 

the stock can reflect the risk tolerance of the company in the industry for public health 

events, the time for the first recovery to rise can reflect the market's confidence in the 

industry and the recovery of the industry itself, and the stock price recovery time can 

reflect the recovery of the company in the industry. The results of the calculation and 

analysis are shown in Table 15. 

Table 15 Stock change information of the selected companies 

Classification Companies Code 

The 

beginning 

of the 

epidemic 

First 

restoration 

date 

Biggest 

decline 
Remark 

Industry China Shenhua sh.601088 

January 

20, 2020 

July 6, 2020 18.87%  

Construction 

China 

Communications 

Construction 

sh.601800 
March 2, 

2020 
17.92%  
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Classification Companies Code 

The 

beginning 

of the 

epidemic 

First 

restoration 

date 

Biggest 

decline 
Remark 

Transportation 
Shanghai Port 

Group 
sh.600018 

September 

11, 2020 
28.16% 

Not 

restored 

to 

original 

price 

Retail Heilan Home sh.600398 
September 

11, 2020 
26.18% 

Not 

restored 

to 

original 

price 

Agriculture, 

forestry, animal 
Hainan Rubber sh.601118 

March 13, 

2020 
20.62%  

husbandry and 

fishery 

Wholesale 

Suning.com sz.002024 July 9, 2020 22.62%  

Software and 

information 

technology 

services 

Hundsun 

Electronics 
sh.600570 

February 6, 

2020 
14.37%  

Property 

management 
Nandu Property sh.603506 

February 

19, 2020 
18.30%  

Information 

transmission 
Hengbao Shares sz.002104 

February 

24, 2020 
21.45%  

Accommodation Huatian Hotel sz.000428 
March 2, 

2020 
17.94%  

Leasing and 

commercial 

services 

CYTS sh.601888 
August 12, 

2020 
22.67%  

Catering ST Yunwang sz.002306 
March 18, 

2020 
14.39%  

Real estate 

development and 

management 

China Fortune 

Land 

Development 

sh.600340 July 6, 2020 22.67%  

 

As shown in Table 15, the stock prices of companies in various industries fell to 

a large extent at the beginning of the outbreak, which was related to the huge panic 

caused by the unknown epidemic situation at that time. After a period of time, the 

stock prices of some industries rose rapidly and returned to the level before the 

epidemic, and even rose further, indicating that the industry was little affected by the 

epidemic, and even the epidemic had a positive effect on the development of the 

industry (such as software and information technology services, industry, 

construction, information transmission, etc.), while some industries were hit hard by 

the epidemic. This can be seen from two aspects of data. On the one hand, the 

maximum decline in stock prices of these industries during the epidemic was greater 

than that of other industries; on the other hand, the recovery speed of stock prices of 

companies in this industry (such as transportation, retail, leasing and business 
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services, etc.) was also much slower than that of other industries, which shows that on 

the one hand, the industry has not fully recovered, and on the other hand, investors' 

investment information about the industry has not fully recovered. 

Based on the above analysis, all companies are first divided into four levels 

according to the degree to which they are affected by the epidemic: severe, partially 

affected, no impact, and Positive. The specific classification results are shown in 

Table 16. 

Table 16 Rating of the impact of the epidemic on various industries 

Impact rating Classification 

Severe impact Transportation, retail, leasing and commercial services 

Partial impact 
Catering, wholesale, agriculture, forestry, animal husbandry and fishery, 

accommodation, wholesale 

No impact/Minimal impact Industry, construction, real estate development, property management 

Positive Software and information technology services, information transmission 

 

72 enterprises of various types were randomly selected from the 302 enterprises 

for analysis, and the year-on-year growth rates of profits in January and February 

2020 compared with those in 2018 and 2019 were calculated. Some of the calculation 

results are shown in Table 17, and the complete data is shown in Appendix Table A.3. 
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Table 17 Comparison of the operating conditions of enterprises in January and 

February 

Enterpri

se code 

January February 

Enterprise Category 
Enterpri

se Scale 
Sales Profit Sales Profit 

2018 2019 2018 2019 

D18 -80. 00% -86.11% 38.81% 60.07% Wholesale micro 

D20 -45.67% -78.12% -501.24% 10.51% 
Software and information 

technology services 

small 

D39 -70. 14% -79.29% 135.57% -78.72% 
Software and Information 

Technology Services 

small 

D40 -98. 53% -99. 54% 101.52% -99.48% Transportation small 

D48 -99. 98% -99. 98% 99.87% 99.06% Other unspecified industries micro 

D52 -89. 04% -94.47% -89.04% -94.47% Wholesale small 

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 

D287 -41.80% -89.10% 106.47% -89.10% 
Software and Information 

Technology Services 

micro 

D294 -81.36% -74.86% -81.36% -74.86% 
Agriculture, forestry, animal 

husbandry and fishery 

micro 

D296 1603.33% 169.79% 1603.33% 169. 79% 
Software and Information 

Technology Services 

micro 

D297 -37.20% 57.41% -34.60% 67.07% Retail micro 

 

It can be seen intuitively from Table 17 that the sales of most companies in 2020 

have shrunk by 80%-90% compared with 2018 and 2019. Due to the impact of the 

epidemic, the input expenditure of small and medium-sized enterprises in 2020 has 

also decreased significantly. There are many companies that suffered losses in January 

and February 2018 or 2019. Due to the sharp decline in expenditure in 2020, they 

turned to profit or reduced losses in the same period of 2020. Therefore, there are a 

certain number of companies whose operating profits increased year-on-year in 2020. 

Therefore, it is more reasonable to analyze the year-on-year changes in turnover. In 

January 2020, the various companies were less affected by the epidemic, maintaining 

a general level of half of the companies with profit growth and half of the companies 

with profit reduction; while in February 2020, the impact of the epidemic on 

companies was clearly shown. It is estimated that about 80% of the companies have 

seen a year-on-year decline in sales. According to statistical results, the average sales 

shrinkage rate of enterprises whose sales decreased year-on-year compared with 2019 

was as high as 86.94%. It can be seen that the business activities of most enterprises 

suffered serious damage during the epidemic. A considerable number of small and 

medium-sized enterprises will face the unfavorable situation of production stagnation 

and sales obstruction during the epidemic, and urgently need government policy 

support to overcome the difficulties. 
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4.3.3 Adjustment of credit strategy under unexpected factors 

The production, operation and profit benefits of enterprises are often affected by 

the market environment, national policies and even some external sudden factors. 

These factors often have different impacts on enterprises in different industries and 

categories. The various impacts on enterprises will also be indirectly transmitted to 

banks through credit loans and other channels, thereby affecting the bank's capital 

security and profitability. According to existing domestic research, under the impact 

of the epidemic, the quality of bank loans has deteriorated. Due to the sharp decline in 

social and economic liquidity, and even when necessary, the "city closure" epidemic 

prevention measures have been carried out, which directly led to the obstruction of 

human resources and logistics transportation of small and medium-sized enterprises 

and production stagnation. At the same time, the epidemic has led to an increase in 

unemployment and a decrease in consumption capacity, which in turn has led to a 

sharp decrease in orders, a sharp decline in turnover, a decrease in repayment ability, 

and an increase in loan demand due to tight funds. Therefore, small and medium-sized 

enterprises have difficulty in repaying principal and interest, overdue loans have 

surged, subprime loans and non-performing loan rates have begun to rise, and banks' 

loan loss risks have increased. 

During the epidemic, small and medium-sized enterprises were hit the hardest by 

the epidemic and suffered heavy losses. Many excellent companies in the past were 

even on the verge of bankruptcy during the epidemic. To this end, the state has 

introduced many support policies for small and medium-sized enterprises. According 

to the policy measures issued by various provinces, municipalities and autonomous 

regions, policy support is mainly provided to small and medium-sized enterprises 

from two aspects: reducing costs and providing financing. The main ways to reduce 

costs are tax reduction, lowering water and electricity prices, etc.; the main ways to 

provide financing are loan extension, lowering interest rates, lowering the threshold 

for small loans, etc. First of all, for these enterprises that are most severely affected by 

the epidemic, on the one hand, banks need to cooperate with national policies and 

actively provide more loan resources to related fields and related enterprises to help 

them overcome difficulties. On the other hand, they also need to consider the 

subsequent increase in loan delinquency and non-performing rates. Secondly, the 
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credit focus of banks should also be tilted towards epidemic prevention and control 

related fields such as medical protection and people's livelihood security, meet the 

loan needs of enterprises, and support these enterprises to develop better. Finally, 

considering the long-term development and profitability of banks, banks are also 

looking for opportunities in the epidemic crisis and strategically deploying industries 

that may develop rapidly. For example, the epidemic may benefit and reconstruct 

certain industries. 5G industry, online education, cloud computing, online video, e-

commerce, insurance industry, intelligent manufacturing and other industries will 

usher in new development opportunities, and banks should also seize new 

development opportunities for the future in a timely manner. 

Based on the classification of the severity of the impact as described above, and 

taking into full consideration factors such as national policy inclination, bank 

profitability, and long-term development of banks, the specific adjustment strategies 

of banks are shown in Table 18. 

Table 18 Specific adjustment strategies of banks 

Impact rating 
Loan limit adjustment 

policy 

Loan interest rate 

adjustment policy 

Severe impact Loan limit increased by 30% 
Loan interest rate discount 

30%-50% 

Partial impact No change 
Loan interest rate discount 

10-30% 

No impact/Minimal impact No change No change 

Positive 
Loan limit increased by 20%-

50% 
No change 

 

Among them, for enterprises severely affected by the epidemic, according to 

national policies, appropriate preferential treatment and inclination should be given in 

terms of loan limit and loan interest rate. For enterprises that are less affected or not 

affected by the epidemic, the inclination should be appropriately reduced or even no 

preferential policies should be given. At the same time, based on long-term 

development and the interests of banks, for enterprises in certain favorable industries 

(such as cloud computing, e-commerce, intelligent manufacturing, etc.), the loan 

amount should be appropriately increased to improve customer retention rate and 

future profitability of banks. Based on the new bank loan adjustment policy and the 

solution of the multi-objective programming model, the loan strategies of 302 
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enterprises were calculated, including whether to lend, loan amount, loan interest rate 

and other information. The results are shown in Table 19. 

Table 19 Adjustment of credit strategy under unexpected factors 

Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D1 Yes 10.01 6.75% D152 Yes 26.04 4.90% 

D2 Yes 11.13 5.50% D153 Yes 92.69 7.22% 

D3 Yes 11.13 5.50% D154 Yes 61.81 9.62% 

D4 Yes 11.13 5.45% D155 Yes 25.97 6.44% 

D5 Yes 11.13 5.44% D156 Yes 43.81 9.62% 

D6 Yes 11.14 5.43% D157 Yes 45.11 7.22% 

D7 Yes 11.13 5.44% D158 Yes 6.13 5.45% 

D8 Yes 11.13 5.43% D159 Yes 26.05 4.84% 

D9 Yes 11.13 5.43% D160 Yes 95.99 2.02% 

D10 Yes 28.81 9.62% D161 Yes 43.97 5.23% 

D11 Yes 49.02 2.31% D162 Yes 25.99 5.74% 

D12 Yes 70.98 4.62% D163 Yes 6.13 5.43% 

D13 Yes 81.3 9.62% D164 Yes 43.81 9.62% 

D14 Yes 70.99 4.50% D165 Yes 43.81 9.62% 

D15 Yes 11.13 5.45% D166 Yes 23.81 9.62% 

D16 Yes 11.13 5.53% D167 Yes 26.01 5.32% 

D17 Yes 70.99 4.48% D168 Yes 25.97 6.47% 

D18 Yes 31.05 3.91% D169 Yes 43.81 9.62% 

D19 Yes 31.04 4.92% D170 Yes 26.04 4.94% 

D20 Yes 90.99 8.93% D171 Yes 61.81 4.81% 

D21 Yes 49.02 2.31% D172 Yes 43.94 3.14% 

D22 Yes 49.02 2.32% D173 Yes 23.81 9.62% 

D23 Yes 71 4.37% D174 Yes 26.03 5.01% 

D24 Yes 71 4.37% D175 Yes 25.95 7.68% 

D25 Yes 49 2.44% D176 Yes 44.02 2.25% 

D26 Yes 71 4.46% D177 Yes 26.04 4.91% 

D27 Yes 71 4.37% D178 Yes 25.98 5.88% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D28 Yes 90.91 2.85% D179 Yes 26.05 4.84% 

D29 Yes 49.02 2.34% D180 Yes 43.99 2.44% 

D30 Yes 11.13 5.46% D181 Yes 26.05 4.86% 

D31 Yes 90.99 2.52% D182 Yes 26.04 4.88% 

D32 Yes 11.12 5.56% D183 Yes 26.04 4.91% 

D33 Yes 12.22 14.42% D184 Yes 43.98 2.61% 

D34 Yes 32.13 14.43% D185 Yes 23.81 9.62% 

D35 Yes 71.01 4.36% D186 Yes 44.02 4.45% 

D36 Yes 11.11 5.72% D187 Yes 43.81 7.70% 

D37 Yes 71 4.41% D188 Yes 6.13 5.37% 

D38 Yes 70.98 4.67% D189 Yes 44.02 2.31% 

D39 Yes 102.1 14.45% D190 Yes 44.02 2.25% 

D40 Yes 100.99 2.17% D191 Yes 43.94 3.26% 

D41 Yes 11.13 5.44% D192 Yes 44.01 2.36% 

D42 Yes 49.02 2.32% D193 Yes 26.01 5.31% 

D43 Yes 32.15 14.43% D194 Yes 43.98 2.56% 

D44 Yes 31.04 4.91% D195 Yes 6.13 5.43% 

D45 Yes 70.99 4.53% D196 Yes 43.95 5.68% 

D46 Yes 71 4.36% D197 Yes 44.01 2.34% 

D47 Yes 49.02 2.32% D198 Yes 23.81 9.62% 

D48 Yes 31.04 4.90% D199 Yes 26.04 4.89% 

D49 Yes 90.99 3.06% D200 Yes 45.12 14.44% 

D50 Yes 49.02 2.34% D201 Yes 43.81 9.62% 

D51 Yes 31.04 4.91% D202 Yes 26 5.41% 

D52 Yes 31.03 4.00% D203 Yes 44.01 2.33% 

D53 Yes 90.99 4.01% D204 Yes 61.81 9.62% 

D54 Yes 71 4.36% D205 Yes 43.81 9.62% 

D55 Yes 49.01 2.35% D206 Yes 23.81 9.62% 

D56 Yes 71 3.49% D207 Yes 44.02 4.47% 

D57 Yes 31.04 4.90% D208 Yes 26.04 3.91% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D58 Yes 31.02 4.09% D209 Yes 43.81 7.70% 

D59 Yes 49.02 4.65% D210 Yes 43.98 2.60% 

D60 Yes 31.04 4.89% D211 Yes 40 2.38% 

D61 Yes 31.04 4.90% D212 Yes 43.81 9.62% 

D62 Yes 71 4.38% D213 Yes 26.02 5.17% 

D63 No 0 3.93% D214 Yes 44.01 2.33% 

D64 No 0 4.81% D215 Yes 26.04 3.96% 

D65 No 0 4.95% D216 Yes 23.81 9.62% 

D66 No 0 4.90% D217 Yes 61.81 4.81% 

D67 Yes 31.04 4.91% D218 Yes 26.03 5.00% 

D68 Yes 90.99 2.08% D219 Yes 61.81 4.81% 

D69 Yes 66.81 4.81% D220 Yes 43.81 9.62% 

D70 Yes 28.81 9.62% D221 No 0 4.84% 

D71 Yes 31.03 5.05% D222 No 0 4.81% 

D72 Yes 100.99 2.03% D223 Yes 43.81 9.62% 

D73 Yes 49.01 2.40% D224 Yes 18.03 5.67% 

D74 Yes 71 4.36% D225 Yes 43.81 9.62% 

D75 Yes 32.07 14.43% D226 Yes 26.04 4.93% 

D76 Yes 50.12 7.22% D227 No 0 7.70% 

D77 Yes 23.06 2.60% D228 No 0 3.34% 

D78 Yes 31.04 4.90% D229 No 0 4.81% 

D79 Yes 23.06 2.56% D230 Yes 43.96 2.73% 

D80 Yes 31.04 4.90% D231 Yes 26 5.43% 

D81 Yes 71 4.36% D232 Yes 0 4.81% 

D82 Yes 23.06 5.21% D233 Yes 44.01 2.30% 

D83 Yes 71 4.36% D234 No 0 2.34% 

D84 Yes 11.13 5.45% D235 Yes 25.99 5.67% 

D85 Yes 11.13 5.48% D236 No 0 2.32% 

D86 Yes 31.05 4.89% D237 Yes 61.81 4.81% 

D87 Yes 31.04 4.89% D238 Yes 43.92 3.91% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D88 Yes 11.13 5.44% D239 Yes 43.99 2.51% 

D89 Yes 31.05 4.89% D240 No 0 5.93% 

D90 Yes 100.99 2.26% D241 Yes 43.81 9.62% 

D91 Yes 49.01 4.68% D242 Yes 24.98 6.11% 

D92 Yes 31.05 4.89% D243 Yes 43.95 5.72% 

D93 Yes 31.04 4.89% D244 No 0 9.62% 

D94 Yes 11.66 14.33% D245 Yes 43.81 9.62% 

D95 Yes 30.99 5.61% D246 No 0 4.81% 

D96 Yes 31.79 14.40% D247 Yes 0 9.62% 

D97 Yes 51 4.36% D248 No 0 4.45% 

D98 Yes 49.02 4.63% D249 No 0 9.62% 

D99 Yes 71 4.37% D250 No 0 9.62% 

D100 Yes 90.99 4.55% D251 No 0 9.62% 

D101 Yes 100.99 4.01% D252 Yes 0 9.62% 

D102 Yes 31.04 4.91% D253 No 0 2.31% 

D103 Yes 31.04 4.90% D254 No 0 4.81% 

D104 Yes 31.04 4.93% D255 Yes 43.81 9.62% 

D105 Yes 72.1 14.45% D256 Yes 61.81 4.81% 

D106 Yes 49.01 4.69% D257 Yes 61.81 4.81% 

D107 Yes 49.02 2.32% D258 No 0 2.32% 

D108 Yes 49.01 2.36% D259 No 0 9.62% 

D109 Yes 48.81 9.62% D260 Yes 61.81 9.62% 

D110 Yes 49.01 2.34% D261 No 0 4.81% 

D111 Yes 49 2.43% D262 Yes 35.81 4.81% 

D112 Yes 23.06 2.57% D263 Yes 43.81 9.62% 

D113 Yes 11.14 5.42% D264 Yes 6.12 5.62% 

D114 Yes 11.11 5.81% D265 No 0 9.62% 

D115 Yes 12.22 14.42% D266 No 0 7.70% 

D116 Yes 11.09 6.29% D267 Yes 61.81 4.81% 

D117 Yes 28.81 9.62% D268 No 61.81 4.81% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D118 Yes 11.11 5.71% D269 Yes 23.81 9.62% 

D119 Yes 28.81 9.62% D270 No 0 2.48% 

D120 Yes 71 4.39% D271 No 0 9.62% 

D121 Yes 23.06 5.12% D272 No 0 4.81% 

D122 Yes 32.07 14.43% D273 No 0 9.62% 

D123 Yes 49.02 2.31% D274 No 0 4.81% 

D124 Yes 31.03 5.03% D275 No 0 7.70% 

D125 Yes 71 4.42% D276 No 0 4.81% 

D126 Yes 49.02 4.63% D277 No 0 9.62% 

D127 Yes 31.04 4.97% D278 No 0 4.81% 

D128 Yes 48.81 9.62% D279 No 0 9.62% 

D129 Yes 31.04 4.94% D280 No 0 4.81% 

D130 Yes 31.04 4.97% D281 No 0 9.62% 

D131 Yes 31.04 4.90% D282 No 0 9.62% 

D132 Yes 11.14 5.43% D283 No 0 4.81% 

D133 Yes 31.68 14.46% D284 Yes 43.93 3.13% 

D134 Yes 31.02 5.11% D285 No 0 5.76% 

D135 Yes 71 4.41% D286 No 0 4.81% 

D136 Yes 100.98 2.14% D287 No 0 9.62% 

D137 Yes 100.99 4.08% D288 No 0 9.62% 

D138 Yes 48.99 4.94% D289 No 0 9.62% 

D139 Yes 11.11 5.79% D290 No 0 4.81% 

D140 Yes 31.04 4.89% D291 No 0 9.62% 

D141 No 0 9.62% D292 No 0 4.81% 

D142 Yes 31.04 4.91% D293 No 0 4.81% 

D143 Yes 31 5.43% D294 No 0 9.62% 

D144 Yes 71 4.36% D295 No 0 7.70% 

D145 Yes 31.04 3.95% D296 No 0 4.81% 

D146 Yes 48.92 3.90% D297 No 0 9.62% 

D147 Yes 11.1 5.99% D298 No 0 4.81% 
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Company 

code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 
Company code 

Lending or 

not 

Amount 

(Ten 

thousand 

yuan) 

Interest 

Rate 

D148 Yes 72.09 14.45% D299 No 0 7.70% 

D149 Yes 23.03 5.67% D300 No 0 4.81% 

D150 Yes 11.13 5.46% D301 No 0 9.62% 

D151 Yes 21.13 5.46% D302 No 0 9.62% 

 

By comparing different loan strategies under normal conditions and under 

emergency situations, it can be found that the loan amount and interest rate in 

emergency situations show different trends depending on the type of enterprise, In 

Table 20, the results of the first 20 companies are displayed. For specific results, see 

Appendix Table A.4. 

Based on the difference between the credit quota amount and the post-adjustment 

amount, this study examines the impact of unexpected situations on the loan 

acquisition amount of different enterprises. According to Table 20, not all enterprises 

experienced a reduction in loan acquisition amounts. This study defines a slight 

change as a fluctuation between 0 and 150,000 yuan, a moderate change as a 

fluctuation between 150,000 and 500,000 yuan, and a significant change as a 

fluctuation between 500,000 and 650,000 yuan. By calculating and categorizing the 

extent of changes among different enterprises, it was found that Slight Decrease 

accounted for the largest proportion, approximately 37%, followed by Slight Increase 

at around 24%. Moderate Decrease, Moderate Increase, and Significant Increase 

accounted for approximately 12%, 7%, and 1%, respectively. 

  



 

 

 
 109 

Table 20 Comparison of loan amounts before and after emergencies  

(Unit: Ten thousand yuan) 
Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D1 11.67 10.01 -1.66 Slight Decrease 

D2 21.07 11.13 -9.94 Slight Decrease 

D3 21.06 11.13 -9.93 Slight Decrease 

D4 21.05 11.13 -9.92 Slight Decrease 

D5 21.06 11.13 -9.93 Slight Decrease 

D6 21.05 11.14 -9.91 Slight Decrease 

D7 21.05 11.13 -9.92 Slight Decrease 

D8 21.05 11.13 -9.92 Slight Decrease 

D9 21.05 11.13 -9.92 Slight Decrease 

D10 21.06 28.81 7.75 Slight Increase 

D11 41.04 49.02 7.98 Slight Increase 

D12 61.03 70.98 9.95 Slight Increase 

D13 61.03 81.3 20.27 Moderate Increase 

D14 61.04 70.99 9.95 Slight Increase 

D15 21.06 11.13 -9.93 Slight Decrease 

D16 21.05 11.13 -9.92 Slight Decrease 

D17 61.02 70.99 9.97 Slight Increase 

D18 41.04 31.05 -9.99 Slight Decrease 

D19 41.04 31.04 -10 Slight Decrease 

D20 61.03 90.99 29.96 Moderate Increase 

 

Based on the above changes in the degree of bank credit support for enterprises, we 

get the Credit rating cross-tab under normal and nonnormal circumstances in Table 

21. Due to unexpected events, some of the companies with credit rating A were 

downgraded to credit rating B and C, with 2 and 4 companies respectively. Overall, 

companies with credit rating A have stronger risk resistance. Some of the companies 

that were originally rated B were downgraded to C, but at the same time a few were 

upgraded to A, with 17 and 8 companies respectively. Overall, companies with a 

credit rating of B have slightly inferior risk resistance to those with a credit rating of 

A. Seven companies that were originally rated C were downgraded to C, but at the 
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same time, two companies were upgraded to A. As for enterprises with a credit rating 

of D, banks have always refused to provide loan support, so the number remains 

unchanged. 

Table 21 Credit rating cross-tab under normal and nonnormal circumstances 

   Nonnormal 

Normal 
A B C D Total 

A 48 2 4 0 54 

B 8 105 17 0 130 

C 0 2 64 7 73 

D 0 0 0 45 45 

Total 56 109 85 52 302 

 

According to the results of the calculation, the credit lines of each enterprise are 

visually displayed in normal circumstances and emergencies, and the results are 

shown in Figure 26. 

 

Figure 26 Comparison of loan amounts before and after emergencies 
 

In the end, the bank's total loan amount was 100 million yuan, and the expected 

return was 5.4004 million yuan. Compared with normal circumstances, considering 
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that the total loan amount of the bank's loan strategy after the policy subsidy did not 

change, the expected return on the loan was reduced by 1.3502 million yuan. 

However, this adjustment strategy can help many small and medium-sized enterprises 

in dire straits to overcome difficulties. It reflects the bank's great sense of 

responsibility and social responsibility, has produced huge social benefits, and further 

improved the bank's reputation and customer retention rate. From this perspective, 

this strategic adjustment has a positive impact.  
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Chapter 5 

CONCLUSIONS 

This dissertation provides a comprehensive exploration of how the Gradient 

Descent Decision Tree (GDDT) algorithm, when integrated with nonlinear 

programming techniques, can revolutionize the processes of credit risk assessment 

and credit strategy optimization in modern financial systems. The research is driven 

by the increasing complexities financial institutions face in assessing credit risk and 

formulating credit strategies, particularly for small and medium-sized enterprises 

(SMEs), which play a significant role in global economic development but often 

encounter significant barriers in obtaining financing. This work aims to bridge key 

gaps in traditional credit risk management methodologies, offering a robust, scalable, 

and adaptable framework to enhance credit assessment accuracy and optimize credit 

resource allocation. 

5.1 Credit Risk Assessment in the Modern Financial Landscape 

As the financial landscape becomes more intricate and dynamic, particularly 

with the advent of advanced technologies and data availability, the demand for more 

sophisticated tools for credit risk assessment has intensified. Traditional methods, 

which largely rely on financial indicators and expert judgment, often fail to fully 

capture the complexities inherent in credit evaluation, especially in cases involving 

SMEs. In response, this dissertation proposes the use of the Gradient Descent 

Decision Tree (GDDT) algorithm, a powerful machine learning model designed to 

improve the accuracy of credit risk predictions by modeling complex, nonlinear 

relationships within credit data. 

The GDDT algorithm utilizes the power of gradient descent to iteratively 

optimize decision trees, allowing the model to learn and adapt to varying risk factors 

in the dataset. This iterative process improves the predictive accuracy of the model, 

making it more reliable in forecasting credit risks across a broad range of enterprises, 

especially those with limited credit history or non-standard financial profiles. One of 

the significant advantages of the GDDT model is its ability to handle large and 

diverse datasets, incorporating both financial and non-financial information, such as 

transaction data, supply chain relationships, and external economic factors. This 
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flexibility allows the model to better account for the multifaceted nature of credit risk, 

offering a more nuanced understanding of the factors that contribute to an enterprise's 

creditworthiness. 

Moreover, the interpretability of decision trees is a key strength of the GDDT 

algorithm. Unlike other machine learning techniques, which often operate as "black 

boxes," decision trees provide a clear, understandable representation of how decisions 

are made, which increases the transparency and trustworthiness of the model’s 

outputs. Stakeholders, including financial analysts, risk managers, and institutional 

decision-makers, can more easily interpret and act upon the insights provided by the 

model. This interpretability is particularly important in the context of credit risk 

assessment, where decision-makers must justify their lending choices to regulatory 

bodies, investors, and other stakeholders. 

5.2 Integrating Nonlinear Programming for Credit Strategy Optimization 

In parallel with the GDDT algorithm, this dissertation integrates nonlinear 

programming techniques to optimize credit strategies. Financial institutions must 

carefully balance competing objectives: minimizing risk, ensuring profitability, and 

complying with regulatory requirements. Nonlinear programming offers a powerful 

mathematical framework for optimizing these objectives, especially in situations 

where multiple constraints and goals need to be addressed simultaneously. 

Nonlinear programming allows financial institutions to model complex 

relationships between various variables, such as the amount of credit to allocate to a 

given enterprise, the associated risk, and the expected return. By formulating these 

relationships as mathematical constraints and objectives, nonlinear programming can 

identify the optimal credit strategy that maximizes the expected return while 

minimizing risk exposure. This approach enables institutions to allocate credit 

resources more efficiently, directing funds to enterprises that present the best risk-

return profiles. 

The integration of GDDT with nonlinear programming offers a unique advantage 

in credit strategy formulation. The predictive insights derived from the GDDT 

algorithm can serve as inputs into the optimization model, guiding the allocation of 

credit resources in a way that aligns with the institution's risk tolerance and 

profitability goals. The nonlinear programming model allows for the incorporation of 
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real-time data, such as changes in market conditions, the financial health of SMEs, 

and other economic factors, ensuring that credit strategies remain adaptable and 

responsive to shifting circumstances. 

5.3 Empirical Testing and Validation of the Proposed Framework 

To evaluate the effectiveness of the proposed framework, this research conducted 

extensive empirical testing using real-world credit datasets. The results of these tests 

demonstrate the significant improvements the GDDT algorithm offers over traditional 

methods of credit risk assessment. Specifically, the GDDT model outperforms 

conventional credit risk models in terms of prediction accuracy, risk categorization, 

and the ability to account for complex, nonlinear interactions between variables. 

For instance, the research found that the GDDT model achieved an AUC (Area 

Under the Curve) value of 0.99 in predicting the default probability of SMEs, 

significantly outperforming the AdaBoost algorithm (AUC = 0.97) and the traditional 

decision tree algorithm (AUC = 0.82). These results highlight the superior 

performance of the GDDT algorithm in capturing the complexities of credit risk and 

demonstrate its potential as a reliable tool for financial institutions. 

Moreover, the nonlinear programming model was tested in conjunction with the 

GDDT algorithm to optimize credit strategies for a sample of 302 SMEs. The 

optimization process showed that, by balancing risk and return, the model was able to 

enhance the overall credit allocation efficiency, ultimately leading to a more rational 

distribution of credit resources and reducing the likelihood of defaults. The empirical 

testing results underscore the practicality and scalability of the proposed framework, 

offering valuable insights for financial institutions seeking to optimize their credit 

strategies. 

5.4 Broader Implications for Financial Decision-Making 

This research has important implications for the future of credit risk management 

and financial decision-making. By demonstrating the power of combining machine 

learning algorithms with optimization techniques, the study highlights how advanced 

technologies can be leveraged to address some of the most pressing challenges in 

financial institutions today. The ability to accurately assess credit risk, particularly in 

dynamic and uncertain environments, is crucial for the stability and profitability of 

financial institutions. The GDDT algorithm, with its ability to model nonlinear 
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relationships and handle large, complex datasets, represents a significant advancement 

in this regard. 

Furthermore, the integration of nonlinear programming into credit strategy 

formulation provides financial institutions with a more flexible and efficient approach 

to resource allocation. As the financial landscape continues to evolve, with increasing 

reliance on data-driven decision-making and the rise of fintech innovations, the 

methodologies proposed in this dissertation offer a forward-looking framework for 

optimizing credit strategies. This approach not only helps financial institutions 

improve their operational efficiency but also contributes to their long-term 

sustainability and competitiveness in the market. 

In addition, this research suggests that combining predictive analytics with 

optimization frameworks can be applied to other areas of financial decision-making, 

such as loan pricing, portfolio management, and risk assessment under uncertainty. By 

providing a more comprehensive understanding of how financial institutions can 

navigate complex risk environments, this work opens new avenues for research and 

development in the field of financial technologies. 

5.5 Contributions to Academic and Practical Knowledge 

The findings of this research make several important contributions to both 

academic theory and practical financial applications. Academically, the dissertation 

advances the field of credit risk management by introducing a novel methodological 

approach that combines machine learning, nonlinear programming, and credit strategy 

optimization. This approach bridges the gap between theoretical models and practical 

applications, offering a more accurate and efficient means of assessing credit risk and 

formulating credit strategies. 

Practically, the research provides valuable insights into how financial institutions 

can leverage advanced technologies to improve their credit risk assessment processes 

and optimize credit strategies. By demonstrating the effectiveness of the GDDT 

algorithm and nonlinear programming, the study provides financial institutions with 

actionable tools to enhance their decision-making and improve their overall credit risk 

management frameworks. 

Moreover, this research offers a foundational methodology for integrating 

macroeconomic factors, industry-specific risks, and behavioral insights into predictive 
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models, which is an area of growing importance in financial decision-making. As 

financial institutions continue to adapt to changing market conditions, the ability to 

incorporate these broader factors into credit risk models will become increasingly 

important. 

5.6 Future Research Directions 

While this dissertation presents a comprehensive framework for credit risk 

assessment and strategy optimization, there are several areas for future research that 

could further enhance the model’s capabilities and applicability. For instance, future 

research could focus on real-time credit assessment, where machine learning models 

are constantly updated with the latest financial and transactional data. This would 

enable financial institutions to make more agile and responsive credit decisions in a 

rapidly changing environment. 

Another avenue for future research is the integration of behavioral data and 

sentiment analysis into credit risk models. The inclusion of customer behavior, market 

sentiment, and other non-traditional data sources could further improve the accuracy 

and robustness of credit risk assessments, especially in volatile economic conditions. 

Finally, further exploration of adaptive credit strategy optimization models could 

be undertaken, considering the dynamic nature of the economy and the increasing 

influence of external shocks, such as pandemics, financial crises, or geopolitical 

events. Nonlinear programming models that incorporate scenario-based simulations 

and stress-testing techniques could help financial institutions better prepare for and 

mitigate risks arising from unforeseen circumstances. 

In conclusion, this dissertation demonstrates the transformative potential of 

integrating the Gradient Descent Decision Tree algorithm with nonlinear 

programming in the realm of credit risk assessment and strategy optimization. By 

addressing both predictive and prescriptive challenges, the proposed approach offers a 

comprehensive solution that aligns with the evolving needs of financial institutions in 

a complex and dynamic financial landscape. The methodologies developed in this 

study not only provide an effective means of assessing credit risk but also enable 

financial institutions to formulate adaptive, optimized credit strategies. As such, the 

insights from this research hold the potential to significantly impact the financial 

industry, fostering innovation, enhancing resilience, and contributing to the 
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sustainable growth of financial systems in an increasingly interconnected and 

unpredictable world. 
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Table A. 1: Quantified value of credit risk of 123 Companies 
Company Code Credit Risk Company Code Credit Risk Company Code Credit Risk 

C1 0.3299  C42 0.9909  C83 0.9795  

C2 0.7828  C43 0.9931  C84 0.9910  

C3 0.8921  C44 0.9831  C85 0.9930  

C4 0.8327  C45 0.9909  C86 0.9952  

C5 0.9646  C46 0.9733  C87 0.9950  

C6 0.9078  C47 0.9523  C88 0.9900  

C7 0.8750  C48 0.9831  C89 0.9913  

C8 0.8098  C49 0.9605  C90 0.9945  

C9 0.9414  C50 0.9939  C91 0.9905  

C10 0.9468  C51 0.9887  C92 0.9937  

C11 0.9685  C52 0.9927  C93 0.9926  

C12 0.9698  C53 0.9917  C94 0.9945  

C13 0.8292  C54 0.9371  C95 0.9738  

C14 0.9321  C55 0.9905  C96 0.9954  

C15 0.9779  C56 0.9886  C97 0.9926  

C16 0.9798  C57 0.9918  C98 0.9933  

C17 0.9454  C58 0.9808  C99 0.9948  

C18 0.9571  C59 0.9837  C100 0.9981  

C19 0.9586  C60 0.9905  C101 0.9982  

C20 0.9713  C61 0.9892  C102 0.9931  

C21 0.9651  C62 0.9899  C103 0.9964  

C22 0.9814  C63 0.9815  C104 0.9956  

C23 0.9521  C64 0.9863  C105 0.9930  

C24 0.9720  C65 0.9919  C106 0.9915  

C25 0.9775  C66 0.9888  C107 0.9990  

C26 0.9875  C67 0.9882  C108 0.9961  

C27 0.9728  C68 0.9953  C109 0.9986  

C28 0.9913  C69 0.9949  C110 0.9952  

C29 0.9947  C70 0.9861  C111 0.9950  

C30 0.9863  C71 0.9794  C112 0.9979  

C31 0.9834  C72 0.9947  C113 0.9975  

C32 0.9810  C73 0.9918  C114 0.9979  

C33 0.9819  C74 0.9931  C115 0.9987  

C34 0.9740  C75 0.6822  C116 0.9980  

C35 0.9894  C76 0.9911  C117 0.9987  

C36 0.9753  C77 0.9954  C118 0.9938  

C37 0.9814  C78 0.9949  C119 0.9976  

C38 0.9852  C79 0.9931  C120 0.9982  

C39 0.9942  C80 0.9928  C121 0.9934  

C40 0.9530  C81 0.9887  C122 0.9961  

C41 0.9745  C82 0.9956  C123 0.9984  
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Table A. 2: Quantified value of credit risk of 302 Companies 
Company 

Code 

Credit 

Risk 

Company 

Code 

Credit 

Risk 

Company 

Code 

Credit 

Risk 

Company 

Code 

Credit 

Risk 

Company 

Code 

Credit 

Risk 

D1 0.4330  D62 0.4973  D123 0.3902  D184 0.5009  D245 0.3571 

D2 0.4605  D63 0.4112  D124 0.4651  D185 0.4227  D246 0.4890 

D3 0.4330  D64 0.3082  D125 0.3918  D186 0.4508  D247 0.4222 

D4 0.4605  D65 0.2989  D126 0.4077  D187 0.4386  D248 0.5353 

D5 0.4330  D66 0.3906  D127 0.4795  D188 0.4274  D249 0.4609 

D6 0.4605  D67 0.2587  D128 0.3360  D189 0.4748  D250 0.5427 

D7 0.4330  D68 0.4196  D129 0.2654  D190 0.5141  D251 0.4473 

D8 0.4605  D69 0.3282  D130 0.3895  D191 0.4597  D252 0.4652 

D9 0.4330  D70 0.5216  D131 0.4574  D192 0.4773  D253 0.5247 

D10 0.4605  D71 0.4442  D132 0.2729  D193 0.4859  D254 0.5054 

D11 0.4330  D72 0.5103  D133 0.4557  D194 0.4555  D255 0.5323 

D12 0.4605  D73 0.2929  D134 0.4292  D195 0.4674  D256 0.5034 

D13 0.4330  D74 0.2520  D135 0.4112  D196 0.4410  D257 0.4404 

D14 0.4605  D75 0.2773  D136 0.4402  D197 0.4805  D258 0.5190 

D15 0.4330  D76 0.3819  D137 0.5311  D198 0.2964  D259 0.6688 

D16 0.4605  D77 0.3010  D138 0.4499  D199 0.4646  D260 0.4772 

D17 0.4330  D78 0.4132  D139 0.4461  D200 0.4909  D261 0.5748 

D18 0.4605  D79 0.4682  D140 0.4103  D201 0.3167  D262 0.5145 

D19 0.4330  D80 0.4315  D141 0.2729  D202 0.4286  D263 0.4895 

D20 0.4605  D81 0.2729  D142 0.4697  D203 0.4884  D264 0.6629 

D21 0.4330  D82 0.2904  D143 0.3316  D204 0.4467  D265 0.4915 

D22 0.4605  D83 0.3879  D144 0.3822  D205 0.3422  D266 0.5169 

D23 0.4330  D84 0.4653  D145 0.3697  D206 0.4206  D267 0.5018 

D24 0.4605  D85 0.2784  D146 0.4290  D207 0.6405  D268 0.4353 

D25 0.4330  D86 0.3746  D147 0.2840  D208 0.4666  D269 0.5006 

D26 0.4605  D87 0.4503  D148 0.2959  D209 0.4474  D270 0.6558 

D27 0.4330  D88 0.4144  D149 0.3352  D210 0.4541  D271 0.5448 

D28 0.4605  D89 0.3778  D150 0.6489  D211 0.4921  D272 0.5073 

D29 0.4330  D90 0.4640  D151 0.4280  D212 0.5114  D273 0.5104 

D30 0.4605  D91 0.2654  D152 0.4741  D213 0.5160  D274 0.4880 
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Company 

Code 

Credit 

Risk 

Company 

Code 

Credit 

Risk 

Company 

Code 

Credit 

Risk 

Company 

Code 

Credit 

Risk 

Company 

Code 

Credit 

Risk 

D31 0.4330  D92 0.4141  D153 0.5212  D214 0.4320  D275 0.4887 

D32 0.4605  D93 0.4119  D154 0.3388  D215 0.4960  D276 0.5698 

D33 0.4330  D94 0.2803  D155 0.3253  D216 0.5243  D277 0.6725 

D34 0.4605  D95 0.4383  D156 0.4056  D217 0.4223  D278 0.5514 

D35 0.4330  D96 0.2920  D157 0.2997  D218 0.5548  D279 0.5436 

D36 0.4605  D97 0.3984  D158 0.3976  D219 0.5310  D280 0.5338 

D37 0.4330  D98 0.3794  D159 0.4904  D220 0.4133  D281 0.5544 

D38 0.4605  D99 0.2870  D160 0.4677  D221 0.5730  D282 0.5669 

D39 0.4330  D100 0.2875  D161 0.4908  D222 0.5156  D283 0.5161 

D40 0.4605  D101 0.2859  D162 0.2729  D223 0.5041  D284 0.4743 

D41 0.4330  D102 0.4393  D163 0.3141  D224 0.4945  D285 0.5604 

D42 0.4605  D103 0.4378  D164 0.5247  D225 0.6489  D286 0.6983 

D43 0.4330  D104 0.4825  D165 0.5059  D226 0.4898  D287 0.5571 

D44 0.4605  D105 0.2870  D166 0.4755  D227 0.5360  D288 0.5066 

D45 0.4330  D106 0.4204  D167 0.5244  D228 0.5330  D289 0.6925 

D46 0.4605  D107 0.3809  D168 0.4991  D229 0.5269  D290 0.7263 

D47 0.4330  D108 0.3870  D169 0.6529  D230 0.5071  D291 0.5224 

D48 0.4605  D109 0.3642  D170 0.4872  D231 0.4673  D292 0.6804 

D49 0.4330  D110 0.4480  D171 0.3194  D232 0.4257  D293 0.6876 

D50 0.4605  D111 0.4247  D172 0.4968  D233 0.6481  D294 0.5727 

D51 0.4330  D112 0.2768  D173 0.2918  D234 0.6546  D295 0.5572 

D52 0.4605  D113 0.4322  D174 0.4319  D235 0.4248  D296 0.5243 

D53 0.4330  D114 0.4693  D175 0.4483  D236 0.4353  D297 0.6930 

D54 0.4605  D115 0.4227  D176 0.4564  D237 0.4825  D298 0.7101 

D55 0.4330  D116 0.4796  D177 0.4773  D238 0.4751  D299 0.7146 

D56 0.4605  D117 0.3110  D178 0.4336  D239 0.4588  D300 0.5616 

D57 0.4330  D118 0.5129  D179 0.5093  D240 0.5242  D301 0.5724 

D58 0.4605  D119 0.5128  D180 0.4401  D241 0.4622  D302 0.7061 

D59 0.4330  D120 0.4350  D181 0.4579  D242 0.4803    

D60 0.4605  D121 0.4539  D182 0.2532  D243 0.5312    

D61 0.4330  D122 0.4089  D183 0.4923  D244 0.4556    
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Table A. 3: Comparison of the operating conditions of the selected enterprises in January and 

February 

Enterpris

e code 

January 

Sales         Profit 

February 

Sales        Profit 
Enterprise Category 

Enterprise 

Scale 2018 2019 2018 2019 

-80. 00% -86.11% 38.81% 60.07% 

D18 -45.67% -78.12% -501.24% 10.51% Wholesale micro 

D20 -70. 14% -79.29% 135.57% -78.72% 
Software and information 

technology services 

small 

D39 -98. 53% -99. 54% 101.52% -99.48% 
Software and Information 

Technology Services 
small 

D40 -99. 98% -99. 98% 99.87% 99.06% Transportation small 

D48 -89. 04% -94.47% -89.04% -94.47% Other unspecified industries micro 

D52 -83. 59% -88.22% -57.63% -236.83% Wholesale small 

D53 -98. 93% -99. 51% -1101. 53% -1647.50% 
Software and Information 

Technology Services 
small 

D57 -91.98% -86.20% -74.97% 118.99% Industrial small 

D71 -99. 87% -99.94% 95.78% 87.60% Leasing and business services small 

D73 224.65% -96.77% 83.26% 17.92% Other unspecified industries micro 

D89 -97. 25% -94. 87% -96. 36% -94.87% Leasing and business services micro 

D93 24.65% -54.13% 91.54% -193.93% Construction micro 

D102 -96.27% -95.64% -96.27% -95. 64% Property Management micro 

D109 -100.00% -100.00% -483.54% 55.37% Service Industry micro 

D120 -97. 96% -98.42% 101.10% llO.49% 
Software and Information 

Technology Services 

micro 

D124 -27.68% 736.76% 51.74% 70.62% Industrial micro 

D127 -97. 52% -92.06% 64.68% -131.87% Industrial small 

D135 -95.81% -94.12% -203.46% -1856.51% Transportation small 

D142 0.00% -99.97% 0.00% -99.97% Industry small 

D144 -100.00% -100.00% 99.39% 80.51% 
Agriculture, forestry, animal 

husbandry and fishery 
small 

D146 -88.90% 4.74% -543.43% -4283.92% 
Construction Software and 

Information 

small 

D152 -97.97% -96.64% -97.97% 102.04% Technology Services small 

D153 234.03% -99.95% 100.71% -99.86% 
Construction Leasing and 

Business 
small 

D155 -99.80% -99.81% -0. 58% -138.06% Leasing and business services small 

D156 -9.91% -12.91% 197.86% 282.56% Industrials small 

D159 -98. 34% -99.38% 102.63% 100.94% 
Software and information 

technology services 
small 

D161 -96.27% -98.10% 100.44% 100.41% Industrial small 

D166 -99.29% -99.66% 100.71% 103.26% Other industries not listed micro 

D167 -99.91% -99.58% -99.91% -99.58% Industrials micro 

D168 0.00% -97.9% 0.00% -86.94% Construction small 

D173 -100.00% -100.00% -3884.00% -268.50% Construction micro 

D175 -99. 69% -99.79% -7261.86% -2134.98% Industrials micro 

D176 -97.75% -98.73% 102.53% 100.89% Industrial micro 

D178 -93.96% -95.93% -93.96% 100.41% Rental and business services micro 

D179 25.14% -83.73% 12744.29% 77.81% Industrial micro 

D180 -98.26% -97.95% -98.26% -97.95% Other industries not listed micro 

D182 -52.99% -94.09% -52.99% 100.09% Leasing and business services micro 

D184 -98. 79% -92.48% -2.57% 35.17% Information transmission micro 

D187 -79.82% -84.94% 102.24% 114.56% Leasing and business services micro 

D188 -98.28% -94.74% -207.23% -524.90% Leasing and business services micro 

D190 -67. 97% -82.10% 100.68% 105.31% Transportation micro 

D191 -99.31% -95.69% 101.78% 100.83% Real Estate Development micro 

D192 -57.29% -43.8% 50.08% 46.74% Retail Trade micro 

D195 -89.50% -71.06% -89.50% 100.48% Leasing and Business Services micro 

D197 -100.00% -100.00% -102.68% -101.82% Construction micro 

D202 -81.58% 0.00% 148.84% 136.71% Information Transmission micro 

D203 -82.15% -84.74% 101.94% 104.09% Industrial micro 

D207 -93.03% -93.82% 101.30% -93.82% Accommodation micro 

D210 -73.40% -38.74% 100.44% -38. 74% Real Estate Development micro 

D211 0.00% 824.54% 136.29% 824.54% Industrial micro 

D212 394.08% 16.98% 1337.98% 16.98% Leasing and Business Services micro 

D219 -75.35% 0.00% 10352.33% 124.78% Industrial micro 

D221 -100.00% -100.00% 79.91% 65.76% Industrial micro 

D225 -67.70% -88.94% -67.70% 109. 73% Accommodation micro 
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Enterpris

e code 

January 

Sales         Profit 

February 

Sales        Profit 
Enterprise Category 

Enterprise 

Scale 

D227 -90.80% -85.94% -90.80% -85.94% Rental and business services micro 

D229 -98.44% -97.77% -98.44% -97.77% Construction micro 

D230 -88.34% -51.89% -88. 34% 107.62% Leasing and Business Services micro 

D241 0.00% 36.33% 0.00% 36.33% 
Software and Information 

Technology Services 

micro 

D242 0.00% 0.00% -866.50% -904.24% 
Software and Information 

Technology Services 

micro 

D247 -89.19% -45.52% 101.22% 124.89% 
Software and Information 

Technology Services 

micro 

D249 -94.17% -77.27% 185.71% -77.27% Industrial micro 

D254 2444.18% 45.67% 752.46% -8.64% Leasing and business services micro 

D255 -87.62% -69.73% 100.83% -69.73% Leasing and business services micro 

D256 0.00% 0.00% -208.03% -692.61% Retail trade micro 

D268 223.64% -60.34% 191.87% 122.39% Retail micro 

D269 0.00% -87.12% -10.83% -40.14% 
Software and information 

technology services 

micro 

D280 -98.32% -94.43% -98.32% 100.75% Industrial micro 

D284 -41.80% -89.10% 106.47% -89.10% Construction micro 

D287 -81.36% -74.86% -81.36% -74.86% 
Software and Information 

Technology Services 
micro 

D294 1603.33% 169.79% 1603.33% 169. 79% 
Agriculture, forestry, animal 

husbandry and fishery 

micro 

D296 -37.20% 57.41% -34.60% 67.07% 
Software and Information 

Technology Services 
micro 

D297     Retail micro 
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Table A. 4: Comparison of loan amounts before and after emergencies  

(Unit: Ten thousand yuan) 

Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D1 11.67 10.01 -1.66 Slight Decrease 

D2 21.07 11.13 -9.94 Slight Decrease 

D3 21.06 11.13 -9.93 Slight Decrease 

D4 21.05 11.13 -9.92 Slight Decrease 

D5 21.06 11.13 -9.93 Slight Decrease 

D6 21.05 11.14 -9.91 Slight Decrease 

D7 21.05 11.13 -9.92 Slight Decrease 

D8 21.05 11.13 -9.92 Slight Decrease 

D9 21.05 11.13 -9.92 Slight Decrease 

D10 21.06 28.81 7.75 Slight Increase 

D11 41.04 49.02 7.98 Slight Increase 

D12 61.03 70.98 9.95 Slight Increase 

D13 61.03 81.3 20.27 Moderate Increase 

D14 61.04 70.99 9.95 Slight Increase 

D15 21.06 11.13 -9.93 Slight Decrease 

D16 21.05 11.13 -9.92 Slight Decrease 

D17 61.02 70.99 9.97 Slight Increase 

D18 41.04 31.05 -9.99 Slight Decrease 

D19 41.04 31.04 -10 Slight Decrease 

D20 61.03 90.99 29.96 Moderate Increase 

D21 41.04 49.02 7.98 Slight Increase 

D22 41.04 49.02 7.98 Slight Increase 

D23 61.04 71 9.96 Slight Increase 

D24 71.03 71 -0.03 Slight Decrease 

D25 41.04 49 7.96 Slight Increase 

D26 71.03 71 -0.03 Slight Decrease 

D27 71.04 71 -0.04 Slight Decrease 

D28 71.03 90.91 19.88 Moderate Increase 



 

 

 
 131 

Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D29 41.04 49.02 7.98 Slight Increase 

D30 21.05 11.13 -9.92 Slight Decrease 

D31 71.03 90.99 19.96 Moderate Increase 

D32 21.07 11.12 -9.95 Slight Decrease 

D33 21.86 12.22 -9.64 Slight Decrease 

D34 41.84 32.13 -9.71 Slight Decrease 

D35 71.04 71.01 -0.03 Slight Decrease 

D36 21.06 11.11 -9.95 Slight Decrease 

D37 71.03 71 -0.03 Slight Decrease 

D38 71.02 70.98 -0.04 Slight Decrease 

D39 71.97 102.1 30.13 Moderate Increase 

D40 71.02 100.99 29.97 Moderate Increase 

D41 21.05 11.13 -9.92 Slight Decrease 

D42 41.04 49.02 7.98 Slight Increase 

D43 41.8 32.15 -9.65 Slight Decrease 

D44 41.04 31.04 -10 Slight Decrease 

D45 71.03 70.99 -0.04 Slight Decrease 

D46 71.03 71 -0.03 Slight Decrease 

D47 41.04 49.02 7.98 Slight Increase 

D48 41.04 31.04 -10 Slight Decrease 

D49 71.03 90.99 19.96 Moderate Increase 

D50 41.04 49.02 7.98 Slight Increase 

D51 41.04 31.04 -10 Slight Decrease 

D52 41.04 31.03 -10.01 Slight Decrease 

D53 71.02 90.99 19.97 Moderate Increase 

D54 71.02 71 -0.02 Slight Decrease 

D55 41.04 49.01 7.97 Slight Increase 

D56 71.03 71 -0.03 Slight Decrease 

D57 41.05 31.04 -10.01 Slight Decrease 
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Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D58 41.04 31.02 -10.02 Slight Decrease 

D59 41.05 49.02 7.97 Slight Increase 

D60 41.04 31.04 -10 Slight Decrease 

D61 41.05 31.04 -10.01 Slight Decrease 

D62 71.03 71 -0.03 Slight Decrease 

D63 41.04 0 -41.04 Moderate Decrease 

D64 0 0 0 — 

D65 0 0 0 — 

D66 0 0 0 — 

D67 41.04 31.04 -10 Slight Decrease 

D68 71.02 90.99 19.97 Moderate Increase 

D69 41.04 66.81 25.77 Moderate Increase 

D70 21.05 28.81 7.76 Slight Increase 

D71 41.04 31.03 -10.01 Slight Decrease 

D72 71.03 100.99 29.96 Moderate Increase 

D73 41.04 49.01 7.97 Slight Increase 

D74 71.03 71 -0.03 Slight Decrease 

D75 41.99 32.07 -9.92 Slight Decrease 

D76 41.84 50.12 8.28 Slight Increase 

D77 21.06 23.06 2 Slight Increase 

D78 41.05 31.04 -10.01 Slight Decrease 

D79 21.05 23.06 2.01 Slight Increase 

D80 41.04 31.04 -10 Slight Decrease 

D81 71.02 71 -0.02 Slight Decrease 

D82 21.05 23.06 2.01 Slight Increase 

D83 71.04 71 -0.04 Slight Decrease 

D84 21.06 11.13 -9.93 Slight Decrease 

D85 21.06 11.13 -9.93 Slight Decrease 

D86 41.05 31.05 -10 Slight Decrease 
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Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D87 41.04 31.04 -10 Slight Decrease 

D88 21.06 11.13 -9.93 Slight Decrease 

D89 41.04 31.05 -9.99 Slight Decrease 

D90 71.03 100.99 29.96 Moderate Increase 

D91 41.04 49.01 7.97 Slight Increase 

D92 41.03 31.05 -9.98 Slight Decrease 

D93 41.04 31.04 -10 Slight Decrease 

D94 22.77 11.66 -11.11 Slight Decrease 

D95 41.03 30.99 -10.04 Slight Decrease 

D96 41.14 31.79 -9.35 Slight Decrease 

D97 71.03 51 -20.03 Moderate Decrease 

D98 41.04 49.02 7.98 Slight Increase 

D99 71.04 71 -0.04 Slight Decrease 

D100 71.03 90.99 19.96 Moderate Increase 

D101 71.02 100.99 29.97 Moderate Increase 

D102 41.04 31.04 -10 Slight Decrease 

D103 41.04 31.04 -10 Slight Decrease 

D104 41.05 31.04 -10.01 Slight Decrease 

D105 81.83 72.1 -9.73 Slight Decrease 

D106 41.04 49.01 7.97 Slight Increase 

D107 41.04 49.02 7.98 Slight Increase 

D108 41.03 49.01 7.98 Slight Increase 

D109 41.73 48.81 7.08 Slight Increase 

D110 41.03 49.01 7.98 Slight Increase 

D111 41.04 49 7.96 Slight Increase 

D112 21.06 23.06 2 Slight Increase 

D113 21.05 11.14 -9.91 Slight Decrease 

D114 21.07 11.11 -9.96 Slight Decrease 

D115 21.86 12.22 -9.64 Slight Decrease 
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Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D116 21.07 11.09 -9.98 Slight Decrease 

D117 28.77 28.81 0.04 Slight Increase 

D118 21.05 11.11 -9.94 Slight Decrease 

D119 28.77 28.81 0.04 Slight Increase 

D120 81.02 71 -10.02 Slight Decrease 

D121 21.05 23.06 2.01 Slight Increase 

D122 41.84 32.07 -9.77 Slight Decrease 

D123 41.04 49.02 7.98 Slight Increase 

D124 41.04 31.03 -10.01 Slight Decrease 

D125 71.04 71 -0.04 Slight Decrease 

D126 41.04 49.02 7.98 Slight Increase 

D127 41.04 31.04 -10 Slight Decrease 

D128 41.08 48.81 7.73 Slight Increase 

D129 41.04 31.04 -10 Slight Decrease 

D130 41.05 31.04 -10.01 Slight Decrease 

D131 41.04 31.04 -10 Slight Decrease 

D132 21.05 11.14 -9.91 Slight Decrease 

D133 41.06 31.68 -9.38 Slight Decrease 

D134 41.04 31.02 -10.02 Slight Decrease 

D135 71.02 71 -0.02 Slight Decrease 

D136 71.02 100.98 29.96 Moderate Increase 

D137 71.04 100.99 29.95 Moderate Increase 

D138 41.04 48.99 7.95 Slight Increase 

D139 21.06 11.11 -9.95 Slight Decrease 

D140 41.04 31.04 -10 Slight Decrease 

D141 0 0 0 — 

D142 41.05 31.04 -10.01 Slight Decrease 

D143 41.04 31 -10.04 Slight Decrease 

D144 71.02 71 -0.02 Slight Decrease 
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Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D145 41.04 31.04 -10 Slight Decrease 

D146 41.04 48.92 7.88 Slight Increase 

D147 21.06 11.1 -9.96 Slight Decrease 

D148 82 72.09 -9.91 Slight Decrease 

D149 21.14 23.03 1.89 Slight Increase 

D150 21.05 11.13 -9.92 Slight Decrease 

D151 41.04 21.13 -19.91 Moderate Decrease 

D152 63.83 26.04 -37.79 Moderate Decrease 

D153 40.76 92.69 51.93 Significant Increase 

D154 33.04 61.81 28.77 Moderate Increase 

D155 40.76 25.97 -14.79 Slight Decrease 

D156 34.01 43.81 9.8 Slight Increase 

D157 13.06 45.11 32.05 Moderate Increase 

D158 40.76 6.13 -34.63 Moderate Decrease 

D159 73.02 26.05 -46.97 Moderate Decrease 

D160 33.04 95.99 62.95 Significant Increase 

D161 33.05 43.97 10.92 Slight Increase 

D162 13.05 25.99 12.94 Slight Increase 

D163 33.05 6.13 -26.92 Moderate Decrease 

D164 40.76 43.81 3.05 Slight Increase 

D165 13.07 43.81 30.74 Moderate Increase 

D166 33.04 23.81 -9.23 Slight Decrease 

D167 33.04 26.01 -7.03 Slight Decrease 

D168 40.76 25.97 -14.79 Slight Decrease 

D169 40.76 43.81 3.05 Slight Increase 

D170 40.76 26.04 -14.72 Slight Decrease 

D171 33.03 61.81 28.78 Moderate Increase 

D172 20.77 43.94 23.17 Moderate Increase 

D173 33.09 23.81 -9.28 Slight Decrease 
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Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D174 40.76 26.03 -14.73 Slight Decrease 

D175 40.76 25.95 -14.81 Slight Decrease 

D176 33.04 44.02 10.98 Slight Increase 

D177 40.76 26.04 -14.72 Slight Decrease 

D178 40.76 25.98 -14.78 Slight Decrease 

D179 40.76 26.05 -14.71 Slight Decrease 

D180 40.76 43.99 3.23 Slight Increase 

D181 40.76 26.05 -14.71 Slight Decrease 

D182 33.04 26.04 -7 Slight Decrease 

D183 40.76 26.04 -14.72 Slight Decrease 

D184 20.77 43.98 23.21 Moderate Increase 

D185 40.76 23.81 -16.95 Moderate Decrease 

D186 40.76 44.02 3.26 Slight Increase 

D187 20.77 43.81 23.04 Moderate Increase 

D188 33.05 6.13 -26.92 Moderate Decrease 

D189 40.76 44.02 3.26 Slight Increase 

D190 40.76 44.02 3.26 Slight Increase 

D191 40.76 43.94 3.18 Slight Increase 

D192 40.76 44.01 3.25 Slight Increase 

D193 40.76 26.01 -14.75 Slight Decrease 

D194 20.77 43.98 23.21 Moderate Increase 

D195 40.76 6.13 -34.63 Moderate Decrease 

D196 40.76 43.95 3.19 Slight Increase 

D197 20.77 44.01 23.24 Moderate Increase 

D198 40.76 23.81 -16.95 Moderate Decrease 

D199 33.88 26.04 -7.84 Slight Decrease 

D200 40.76 45.12 4.36 Slight Increase 

D201 40.76 43.81 3.05 Slight Increase 

D202 40.76 26 -14.76 Slight Decrease 



 

 

 
 137 

Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D203 40.76 44.01 3.25 Slight Increase 

D204 33.03 61.81 28.78 Moderate Increase 

D205 20.77 43.81 23.04 Moderate Increase 

D206 40.76 23.81 -16.95 Moderate Decrease 

D207 40.76 44.02 3.26 Slight Increase 

D208 40.76 26.04 -14.72 Slight Decrease 

D209 33.04 43.81 10.77 Slight Increase 

D210 40.76 43.98 3.22 Slight Increase 

D211 40.76 40 -0.76 Slight Decrease 

D212 40.76 43.81 3.05 Slight Increase 

D213 40.76 26.02 -14.74 Slight Decrease 

D214 40.76 44.01 3.25 Slight Increase 

D215 20.77 26.04 5.27 Slight Increase 

D216 40.76 23.81 -16.95 Moderate Decrease 

D217 33.1 61.81 28.71 Moderate Increase 

D218 40.76 26.03 -14.73 Slight Decrease 

D219 40.76 61.81 21.05 Moderate Increase 

D220 40.76 43.81 3.05 Slight Increase 

D221 0 0 0 — 

D222 0 0 0 — 

D223 20.77 43.81 23.04 Moderate Increase 

D224 40.76 18.03 -22.73 Moderate Decrease 

D225 40.76 43.81 3.05 Slight Increase 

D226 40.76 26.04 -14.72 Slight Decrease 

D227 0 0 0 — 

D228 0 0 0 — 

D229 0 0 0 — 

D230 40.76 43.96 3.2 Slight Increase 

D231 0 26 26 Moderate Increase 
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Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D232 40.76 0 -40.76 Moderate Decrease 

D233 40.76 44.01 3.25 Slight Increase 

D234 0 0 0 — 

D235 33.06 25.99 -7.07 Slight Decrease 

D236 0 0 0 — 

D237 40.76 61.81 21.05 Moderate Increase 

D238 40.76 43.92 3.16 Slight Increase 

D239 40.76 43.99 3.23 Slight Increase 

D240 0 0 0 — 

D241 40.76 43.81 3.05 Slight Increase 

D242 40.76 24.98 -15.78 Moderate Decrease 

D243 40.76 43.95 3.19 Slight Increase 

D244 0 0 0 — 

D245 33.06 43.81 10.75 Slight Increase 

D246 0 0 0 — 

D247 40.76 0 -40.76 Moderate Decrease 

D248 0 0 0 — 

D249 0 0 0 — 

D250 0 0 0 — 

D251 0 0 0 — 

D252 40.76 0 -40.76 Moderate Decrease 

D253 0 0 0 — 

D254 0 0 0 — 

D255 33.03 43.81 10.78 Slight Increase 

D256 40.76 61.81 21.05 Moderate Increase 

D257 33.05 61.81 28.76 Moderate Increase 

D258 0 0 0 — 

D259 0 0 0 — 

D260 33.06 61.81 28.75 Moderate Increase 
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Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D261 0 0 0 — 

D262 40.76 35.81 -4.95 Slight Decrease 

D263 13.1 43.81 30.71 Moderate Increase 

D264 40.76 6.12 -34.64 Moderate Decrease 

D265 0 0 0 — 

D266 0 0 0 — 

D267 40.76 61.81 21.05 Moderate Increase 

D268 0 61.81 61.81 Significant Increase 

D269 40.76 23.81 -16.95 Moderate Decrease 

D270 0 0 0 — 

D271 0 0 0 — 

D272 0 0 0 — 

D273 0 0 0 — 

D274 0 0 0 — 

D275 0 0 0 — 

D276 0 0 0 — 

D277 0 0 0 — 

D278 0 0 0 — 

D279 0 0 0 — 

D280 0 0 0 — 

D281 0 0 0 — 

D282 0 0 0 — 

D283 0 0 0 — 

D284 33.06 43.93 10.87 Slight Increase 

D285 0 0 0 — 

D286 0 0 0 — 

D287 0 0 0 — 

D288 0 0 0 — 

D289 0 0 0 — 
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Company 

code 
Normal(Q1) 

After 

adjustment(Q2) 
Q2-Q1 Loan category 

D290 0 0 0 — 

D291 0 0 0 — 

D292 0 0 0 — 

D293 0 0 0 — 

D294 0 0 0 — 

D295 0 0 0 — 

D296 0 0 0 — 

D297 0 0 0 — 

D298 0 0 0 — 

D299 0 0 0 — 

D300 0 0 0 — 

D301 0 0 0 — 

D302 0 0 0 — 
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APPENDIXES B Main Program 
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###################################  

##### Main Program ############### 

 

 

###Data cleaning and indicator calculation 

clc 

close all 

clc,clear 

data=xlsread("C:\Users\cheng\Desktop\group 1); 

result1=zeros(123,11); 

for i=1:123 

    m=find(data(:,1)==i);  

    re=data(m(1,1):max(m),:);  

    re=sortrows(re,[3,4,5]);  

    void=find(re(:,10)==0);  

    void=size(void,1);  

    valid=size(m,1)-void;  

    mm=find((re(:,10)==1)&(re(:,9)>0)); 

    ree=re(mm,:);  

    ree=sortrows(ree,[3,4,5]);  

    for j=7:9 

        A=ree(:,j); 

        B = filloutliers(A,'nearest','mean'); 

        ree(:,j)=B; 

    end 

    smonth(1,:)=ree(1,3:4);  

    smonth(2,:)=ree(size(ree,1),3:4); 

length=(((smonth(2,1)-2017)*12+smonth(2,2))-((smonth(1,1)-

2017)*12+smonth(1,2)))+1;% 

    up=data(m(1,1):max(m),6); 

    up=numel(unique(up));  

    result1(i,1)=i;% company code 

    result1(i,2)=sum(ree(:,7),1);  

    result1(i,3)=sum(ree(:,8),1);  

    result1(i,4)=sum(ree(:,9),1);  

    result1(i,5)=numel(m);  

    result1(i,6)=valid;  

    result1(i,7)=void;  

    result1(i,8)=valid/numel(m);  

    result1(i,9)=up;  

    result1(i,10)=length;  

    stdj=std(ree(:,7))./mean(ree(:,7));  

    result1(i,11)=stdj;  

end 

xlswrite("C:\Users\cheng\Desktop\group1-1); 

#####################################################################

#### 
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### Entropy weight method and TOPSIS model 

clc 

close all 

clc,clear 

data=xlsread("C:\Users\cheng\Desktop\group1-1); 

data1=data(:,2:12);  

result=zeros(123,3);  

for i=1:11 

    maxx=max(data1(:,i)); 

    minn=min(data1(:,i)); 

    if i==4||i==5 

        data1(:,i)=(maxx-data1(:,i))/(maxx-minn);  

    else 

        data1(:,i)=(data1(:,i)-minn)/(maxx-minn);  

    end 

end 

X=data1;  

data1(find(data1==0))=[0.0001]; 

data1(find(data1==1))=[0.9999]; 

summ=sum(data1); 

p=data1./summ; 

e=p.*log(p); 

k=-1/log(123); 

Ej=sum(e)*k; 

Dj=1-Ej; 

w=Dj/sum(Dj); 

for i=1:11 

    X(:,i)= X(:,i)./sqrt(sum(X(:,i).^2));  

end 

R=w.*X;  

r_max=max(R);  

r_min=min(R);  

d_z = sqrt(sum([(R -repmat(r_max,size(R,1),1)).^2 ],2)) ;  

d_f = sqrt(sum([(R -repmat(r_min,size(R,1),1)).^2 ],2));  

s=d_f./(d_z+d_f );  

f=1-s;  

result(:,1)=data(:,1); 

result(:,2)=f;  

result(:,3)=s;  

#################################################################### 

##### 
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https://www.scopus.com/record/display.uri?eid=2-s2.0-
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