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[bookmark: _Toc87654996]Abstract
This project mainly uses the historical loan data of a certain credit platform as an example to establish a credit default risk prediction model. First, clean and process the obtained data, and then select features that contain more information through WOE binning and IV value, calculate the correlation coefficient, determine and remove the strongly correlated variables, so as not to affect the experimental results. Due to the extremely unbalanced characteristics of loan data, under-sampling or over-sampling is required to balance the data. For this kind of problems, the SMOTE oversampling data processing method is used to balance the training set. In terms of model selection, Logistic regression, support vector machine, and decision tree-based integrated algorithms Random Forest and Light GBM are used to model separately on the balanced training set. Finally, predict on the original test set, adjust the parameters for the corresponding model, and obtain the final model optimization form, and evaluate the model based on the accuracy of the prediction and the AUC value.
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1. [bookmark: _Toc87654997]Introduction
[bookmark: _Toc87654998]1.1 Research Background
With a strong development trend, the credit market has stimulated the growth of consumer demand and promoted the rapid and sound development of the economy and society [1, 2]. However, credit risk is always the most important risk item for all banks and lending institutions, and non-performing loans have caused considerable losses to banks and lending institutions [3]. When issuing loans and determining the credit limit of credit cards, banks or institutions will evaluate the customer's basic information and asset information to examine its repayment ability [4]. This evaluation method is relatively rough, and some customers will falsely fill in their own information or pass the review by borrowing money. This can lead to overdue loans or credit card defaults [8].

At the same time, with the advancement of computer technology and data mining algorithms [6,7], more and more data information has become an important reference for risk management. Use good historical loan information, repayment information, default behaviour and other data to dig out the information contained therein, find the key factors that affect whether the customer will eventually default, establish a suitable model to predict customer default, which is of great significance to the risk management of credit business. Therefore, there is an urgent need for an efficient and accurate method to establish a customer default prediction model [5, 9], and carry out risk management and control on this basis, so as to provide a reference for banks or lending institutions when issuing credit business.

With the increase in the number and scale of banks, customer information data in banks has exploded. A large amount of customer information brings great inconvenience to the storage of data information [14]. The profit brought by the credit business accounts for a large proportion of the total profit of the bank. Correspondingly, the risks brought by the credit business are also unpredictable [10, 11]. Therefore, if banks want to maximize profits, they should use big data to establish a default prediction model to improve their risk management and control capabilities [12, 13, 15].

In addition to being widely used in banks, this model also has an impact on all aspects of government statistics [16]. With the help of big data, the barriers between various government departments are broken, and different departments can analyze and apply economic information [17]. This can effectively break the constraints of time and space, and promote the publicization and transparency of economic information. The government promptly innovated the original economic data statistical model, grasped the characteristics of the development of the big data era, and applied the credit risk prediction model to economic development to provide better services [18]. 

The development of Internet technology drives the prosperity of the Internet finance industry, and P2P online lending is a prominent case representative in Internet finance. To a certain extent, the development of P2P has met the strong demand for funds of enterprises and individuals. However, the ills and loopholes in the industry are gradually exposed [21]. The P2P platform does not have sufficient capacity to effectively evaluate the personal credit risk of the borrower. If the credit risk of the borrower is not effectively evaluated and controlled, the bad debt rate of the platform will increase. After a series of chain reactions, a large number of platforms have run off, and it is the platform investors and the entire financial environment that have received serious losses in the end. With the application of data mining technology in other industries to demonstrate its ability to calculate and analyze data, consider applying the credit risk prediction model to the big data business environment [19, 20].
1.2 [bookmark: _Toc87654999]Research Significance
The research significance is mainly to provide a theoretical basis for the algorithm selection and model selection of personal credit risk prediction models by data mining technology.

The so-called promotion of algorithm selection is mainly due to the application of various data mining theories in the credit risk prediction model of this project. These data mining theories include not only traditional classical data mining algorithms [23], but also data mining algorithms generated under the popular ensemble learning idea [22]. According to the model evaluation system, the prediction effect of a single model is evaluated and compared, and the method of model fusion is used to improve the prediction effect of the model. The so-called promotion of model selection is mainly because this project adopts the data modelling method of high-dimensional variables in the big data environment. This paper builds a model for independent variables such as the borrower’s identity information and property status, card holding information, transaction information, loan information, repayment information, loan application information, etc., hoping to improve the risk control ability of the credit platform by processing high-dimensional information.

Banks and lending institutions can reduce or even eliminate information asymmetry through credit risk assessment, thereby reducing credit management risks and promoting profitability [3,8]. With the accumulation of big data, banks and lending institutions generate a large amount of business information every day, which greatly increases the difficulty of analyzing credit risks through big data. Therefore, even though banks have big data on many customers, it is difficult to dig out the economic value of the data without improving their own analysis techniques. The key to making good use of big data is the citation of data mining technology [9]. Data mining technology not only provides effective support for banks and institutions to process large amounts of data, but also can extract economically valuable information from it.

1.3 [bookmark: _Toc87655000]Structure of the Report
The structure of this article is as follows: 

The first chapter is the introduction, which introduces in detail the research background, significance, and the structure of this article.

The second chapter is a literature review, which mainly introduces the definition and related applications of data mining. The four data mining algorithms used in this article include Logistic regression, support vector machine, random forest and Light GBM. It also introduces the evaluation model used in this article.

The third chapter is the data processing part. It mainly integrates data and cleans the data after the integration, including missing value processing, invalid value processing, data normalization, one-hot encoding, etc., and descriptive statistical analysis of the processed data. In addition, the selection of the characteristics of the mold is carried out. It is mainly to screen valuable variables through WOE binning and IV value, and conduct correlation analysis to ensure that there is no strong correlation between the variables. 

The fourth chapter is the model building part. Divide the training set and test set, process the unbalanced data on the training set, and use the filtered variables as the model variables to establish Logistic regression, support vector machine, random forest and Light GBM models respectively. Then predict on the original test set, and evaluate the pros and cons of the model based on the accuracy of the prediction and the AUC value.

The fifth chapter is a summary, which mainly summarizes this article.














[bookmark: _Toc87655001]2. Literature Review
[bookmark: _Toc87655002]2.1 Data Mining
[bookmark: _Toc87655003]2.1.1 Definition 
Data mining appeared in the late 1980s. It is a process of finding and revealing hidden, undiscovered and valuable information from a large amount of data [24]. Its process can be divided into problem description, data analysis, data preparation, model building, model evaluation and program implementation [25]. Data mining is a process of analyzing and discovering a large amount of messy and incomplete data, and integrating it into some useful knowledge that was not known before [26, 27]. Data mining can provide support for operational decision-making. It combines a variety of methods, such as machine learning, business logic integration, data mining algorithms, and statistics. The data generated in daily life is analyzed, summarized and logically inferred, so as to discover potential laws in the data, predict user behavior, and help people make correct operational decisions in advance [28, 29].

The main functions of data mining can be divided into the following categories [30]: 

(1) Data classification: Data classification is to classify and define the collected data according to certain rules. The classification in data mining is predictive classification, which is divided into two parts: induction and inference. Commonly used "Prescribed Tree" algorithm. 
(2) Data estimation: Find out the connection according to the continuity value of the data to obtain the continuity value of the target data. The principle is similar to data classification. Commonly used "Regression Analysis" and "Neural Network" algorithms.
(3) Data prediction: The working principle of data prediction is to use the data value of one or more attributes to predict the data value of a specific attribute. The focus of the work is to find the relationship between the predicted attribute and the predicted attribute. It is often used in "Regression Analysis", "Time Series Analysis" and "Neural Network-like" algorithms.
(4) Data association grouping: Data association grouping is to discover which data attributes in the data often appear together. Commonly used "Association Rule" algorithm.
(5) Data clustering: Data clustering is to divide the data in the database into different groups. The data types in the same group are as similar as possible, and the greater the difference in data in different groups, the better. Commonly used "Clustering Analysis" algorithm.
[bookmark: _Toc87655004]2.1.2 Applications 
As a new data analysis method, data mining technology is applied in almost all walks of life. The main areas involved are the information industry, medical industry, commerce, network security, and the prevention and control of telecommunication fraud [32, 37, 38]. Each industry has its own characteristics, which means using different data mining methods. 

Banking is an industry that early applied data mining related technologies, mainly in user relationship management, risk management, and financial fraud monitoring. Ten years ago, many experts and scholars mentioned that the use of data mining technology in user relationship management systems can provide more targeted customer services and improve service quality. Through data mining, potential connections between various data stored in the database can be actively discovered, and abnormal data can be actively discovered. These are impossible to achieve in traditional calculation methods. Therefore, after the bank has established a user relationship management system, it is necessary to use data mining technology to turn user data in the database into valuable information, thereby generating benefits for the enterprise.

In the financial field, as the banking environment becomes increasingly complex, risk assessment has become particularly important. Therefore, in order to reduce credit risk and improve loan quality, financial institutions have developed credit scoring models to reduce the default rate of non-performing loans. However, due to the complexity of the database, the credibility of customers is difficult to assess. In order to solve this problem, Mittal et al. used machine learning methods to conduct a brief study on the risk assessment model, and designed a related architecture to reduce the data dimension and improve the accuracy of classification [31].

Credit assessment methods have been implemented in the field of consumer loans for more than 50 years. However, this method faces more opportunities and challenges in different application contexts. By describing the current environment of consumer loans, L.C. Thomas et al. identified some modeling areas and problems that are being actively studied [33].

With the rapid development of Internet technology, data has become the most valuable asset of the financial industry. And data mining is the process of analyzing data from various angles and converting it into valuable information. It obtains effective information by evaluating large databases, enabling senior management to make reasonable and efficient decisions without cumbersome data. Data mining technology is used in various fields in the financial industry, such as credit rating, fraud detection, customer analysis, and price change forecasting. Gautam et al. summarized the specific workflow of data mining, applied data mining technology to banks and other financial institutions, and improved their business performance [34].

Jadhav et al. investigated the data mining technology applied to the financial industry from 2010 to 2015 and found that nonlinear mapping technology has more advantages than linear technology in processing dynamic data. At the same time, it proves that the hybrid method and neural network technology are more accurate in stock forecasting. This research provides ideas for the application prospects of financial data mining technology, and also provides a good direction for beginners in the financial field [35].

In recent years, the data generated by the Internet of Things technology can be used to improve the financial credit risk management capabilities of bank loans. However, when faced with massive amounts of financial data from the Internet, traditional statistical models and calculation methods cannot perform credit risk assessment on these data. Therefore, it is also necessary to establish credit risk prediction models through more advanced technologies to improve risk management capabilities. Zhou et al. proposed a big data mining algorithm based on particle swarm optimization back-propagation neural network, using Apache Spark and Hadoop HDFS technology to build a nonlinear parallel optimization model, and applying it to the financial risk management field of IoT. In the end, he concluded that the model performed well in predicting default behavior [36].

Companies are also aware of the importance of data in creating sustainable competitive advantages. Online reviews of users’ brand impressions are one of the most important sources. Kauffmann et al. proposed a new framework: using natural language techniques including sentiment analysis and text mining to obtain new consumer sentiment scores for different product characteristics. According to the price and sentiment scores, the product function ranking can be obtained, so as to realize the classification of products and help consumers to make sustainable purchase behaviors. In order to verify the effectiveness of this method, Kauffmann used the big data of Amazon online reviews to conduct a case study, and finally obtained satisfactory results [39]. Chiang et al. took Taiwan coffee shops as a case study and proposed a data mining method for mining valuable markets for online customer relationship management marketing strategies [40].

Although the information age can enable small and medium-sized enterprises to obtain a large amount of business data, this information is rarely used effectively. On the basis of data mining technology, Packianather et al. used unsupervised learning technology, association rules and time series analysis to help the SME industry's business data information to be effectively utilized [41].
[bookmark: _Toc87655005]2.1.3 Status of Research Applied to Credit Risk
In recent decades, relevant scholars have conducted a lot of research in the field of credit risk control and proposed many models, which are mainly manifested in two categories, one is an individual model, and the other is an integrated model. The following is an introduction to the research status of these two types of models. 
[bookmark: _Toc87655006]2.1.3.1 Individual Models
The linear regression model was first used by Orgler in the field of credit scoring [42]. Lachenbruch used dummy variables to deal with qualitative variables, and then used a linear regression model to predict the default probability of customers [43]. David Durand uses discriminant analysis to conduct personal credit forecasting research to determine whether customers are in default [44]. Altman proposed the "Z-score" model, which combines discriminant analysis and financial analysis to construct five indicators to predict corporate financial risks [45]. Rosenberg et al.  applied linear discriminant analysis to credit evaluation applications and studied several possible problems [46]. Duman and Mahmoudi proposed a credit default prediction model based on the improved Fisher discriminant analysis method, and the improved Fisher discriminant model is more effective by comparing with other models [47].

Wiginton first applied the logistic regression model to credit evaluation, and found that the predictive effect of this model was better than linear discriminant analysis, so logistic regression became a common model for risk control research [48]. Steenackers used logistic regression to establish a credit risk prediction model, and gave important factors affecting user defaults [49]. Bee constructed a logistic regression model based on the lending data of New Zealand banks, which can effectively assess the credit risk of the borrower and play a role in distinguishing the credit risk of the borrower [50]. Although the logistic regression method is easy to operate and simple to calculate, it has good predictability and stability. However, in the process of research, scholars gradually discovered that when establishing a personal credit scoring model, due to the huge amount of data and many factors that affect personal credit score, it will lead to the emergence of over-fitting and multicollinearity. Therefore, in the results of logistic regression, there will be some variables that are not significant, which will ultimately be reflected in the prediction accuracy of the model on the test set. At the same time, the introduction of irrelevant variables into the model not only increases the complexity of the model, but also brings more operating costs to banks and other financial institutions in business operations. In view of the shortcomings of logistic regression, some scholars have made relevant improvements to the logistic regression method. Tibshirani proposed that the Lasso method can compress the regression coefficients of some unimportant explanatory variables in the model to zero, and can achieve variable screening and parameter estimation at the same time [51]. On this basis, Fan and Li introduced the Lasso method into logistic regression, adding a penalty term to the likelihood function, performing variable selection, and then performing parameter estimation on the most important explanatory variables selected [52]. Bekhet et al. applied the logistic regression model and the radial basis function to the field of credit risk control and compared them, and found that the logistic regression model has better classification accuracy than the radial basis function [53]. Cramer studied and compared several variants of the logistic regression model, and found that the threshold logistic regression model has the best predictive effect in these model variants [54]. Sohn et al. proposed a logistic regression model based on fuzzy technology and applied it to credit scoring. Compared with the traditional logistic regression model, the prediction effect of the model has been improved [55].

Chatterjee and others first applied the K-nearest neighbor model in the field of credit scoring [56]. Based on the application of decision tree method and K-nearest neighbor method in the field of credit scoring, Hand conducted a comparative analysis of the fitting effects of the two, and the results showed that the K-nearest neighbor method has more advantages in terms of prediction accuracy [57].

Klaus et al. chose different variables or introduced different kernel functions to test the prediction effect of support vector machines on credit scoring [58]. Baesens and Gestel et al. applied support vector machines to the study of personal credit behavior prediction and believed that support vector machines were superior to neural networks and linear regression [59]. Bellotti et al. compared the support vector machine with other models and found that the support vector machine has stronger predictive ability and can also identify the credit variables that have the greatest impact on the probability of default [60].

Decision tree has strong interpretability, can select important features, and performs well in classification performance. Coffman used a decision tree to establish a customer default prediction model, and the results showed that the model has good classification capabilities [61]. Both Makowski and Cater applied the decision tree method to credit scoring. The research results showed that the decision tree method can automatically select variables in the analysis process, and the final results obtained have a relatively high prediction accuracy [62,63]. Chrzanowska et al. used a variety of decision tree modeling and comparisons, and concluded that the prediction accuracy of the decision tree is higher [64]. DL Olson et al. established credit behavior prediction models based on decision trees, neural networks, and support vector machines, and finally got the conclusion that the decision tree model is better [65]. Liu compared the ID3 and C4.5 algorithms of the decision tree model and found that the latter has a slightly better predictive effect in the experimental environment built [66].

Odom et al. first applied the neural network model to the field of credit risk control [67]. Desai et al. found that if the correct classification rate of default variables is set as the evaluation index of the model, the prediction effect of the neural network model can be improved [68]. Brause R and Langsdorf applied Gaussian kernel function neural network to the field of credit risk prediction, and combined association rules to extract information, and achieved satisfactory results [69]. Malhotra applied the neural network method to credit risk analysis, used a neuro-fuzzy system for empirical analysis, and distinguished companies based on their credit level [70]. David West found that the classification accuracy rate of the credit scoring model based on neural network is very high, and its predictive ability is more advantageous when the variables of the data are complex non-linear relationships [71]. Abdou et al. compared the prediction effect of the neural network model with other models, and found that the neural network model can get a better correct classification rate than other models [72].
[bookmark: _Toc87655007]2.1.3.2 Integration Models
Khanbabaei et al. researched and proposed a model combining decision tree and genetic algorithm, and applied it to help banks evaluate customer credit [73]. Yang et al. combined the decision tree with the neural network and found that the prediction effect has been improved, and analyzed the advantages of the model from the perspective of interpretability [74]. Fang et al. combined the Lasso model with the logistic regression model and used credit risk control, and found that the classification accuracy of the combined model has improved [75]. Fatemeh et al. combined genetic algorithm and clustering algorithm with traditional credit score card system. After empirical analysis, they found that the credit score card system improved by data mining algorithm can better evaluate the quality of bank loans [76]. Mohammadali improved the traditional simple voting method in the Bagging integration method, proposed a two-level majority vote method, and evolved the general single-stage integration into a four-stage integration, which was applied to credit data [77]. Liu analyzed the performance of the neural network model with logistic regression as the activation function of the output layer in quantifying credit risk [78]. Abellan carried out Bagging integration of several groups of different types of individual models and applied them to credit scoring problems, and found that the group with multiple decision trees as individual models had the best credit score prediction [79]. Masoumeh et al. introduced the integrated learning algorithm into the field of commercial bank credit risk assessment. After empirical analysis, it was found that the bagging integrated algorithm has a higher credit risk assessment effect than traditional data mining algorithms [80]. In the Internet environment, data mining can better play its role in identifying credit risks. Yanhong et al. constructed a random forest model based on a certain P2P lending data in Germany, and compared the evaluation results under the random forest model with traditional methods, and found that the random forest model can better evaluate the credit risk of borrowers [81]. Malekipirbazari et al. established a classification method for credit risk assessment based on random forest, and concluded that compared with FICO credit score and LC credit rating, random forest performs better in identifying high-reputation borrowers [82]. Chen applied a stacking-based hybrid multi-layer model to credit risk control, and achieved good prediction results [83].
[bookmark: _Toc87655008]2.2. Research Methods and Related Concepts
[bookmark: _Toc87655009]2.2.1 Individual Models
[bookmark: _Toc87655010]2.2.1.1 Logistic Regression
Logistic regression is a data mining model whose main task is to predict binary classification problems. It evolved from linear regression to some extent. Linear regression deals with regression problems. In order to be able to deal with binary classification problems, linear regression needs to be compressed between the two types of values. The compression method is through the Sigmoid function [84]. The basic formulas of the logistic regression model of the binary classification problem are shown in formula 1.1 and formula 1.2.

[bookmark: _Hlk82452680]		

		

Among them, the dependent variable Y may belong to two categories of 0 or 1, n is the number of independent variables, and the output result is the probability that Y belongs to category 1. The probability value P can only be between 0 and 1. When P is closer to 1, it means that Y is more likely to belong to category 1, otherwise, Y is more likely to belong to category 0.
[bookmark: _Toc87655011]2.2.1.2 Support Vector Machine
Support vector machine (SVM) is a machine learning model that is often used nowadays, and its model algorithm principle comes from statistics [85]. The algorithm principle of SVM is mainly to achieve the goal of minimizing empirical risk and model confidence range by minimizing structural risk. In this way, SVM can reduce the dependence of the model on the number of samples, and maintain a better model prediction effect when the number of samples is small.

The essence of the SVM model is to define the classifier with the largest distance in the feature space. By constructing a "hyperplane" between points of different categories, the data types can be distinguished, so the model training of SVM is based on the principle of distance maximization [86]. Under non-linear conditions and a small number of samples, the prediction effect of SVM model is better than other data mining models.

SVM models are usually divided into linear SVM models and nonlinear SVM models according to the nature of the classification problems they are applied to. The linear SVM model is mainly applicable when the data set is linear. For the linear SVM model, the mathematical expression and classification decision function of the model are shown in formula 1.3 and formula 1.4.

		

		

The training goal of the linear SVM model is to maximize the correct division of most sample data. However, in real life, many classification problems are non-linear. At this time, the training effect of the linear SVM model does not meet the classification requirements. It is necessary to choose a non-linear SVM model to solve the problem. The non-linear SVM model mainly uses the kernel function to convert the non-linear problem into Linear problem. The kernel functions that can be used under general conditions include polynomial kernel functions, string kernel functions, Gaussian kernel functions, and so on. Through the kernel function, the original space and the new space of the model have a corresponding relationship, and the research problem is transformed from a nonlinear problem to a linear problem.
[bookmark: _Toc87655012]2.2.1.3 Decision Tree
Decision tree model is a data mining model with a relatively simple algorithm idea, which is more suitable for nonlinear problems. The essence of the decision tree model is a classification function approximation method. That is, according to the known attributes in the training set and the results obtained through analysis, the tree-shaped data classification rules are trained, and then the tree-shaped classification rules are applied to the model prediction of the test set [87].

The decision tree model has three types of data nodes, namely root nodes, intermediate nodes and leaf nodes. These three types of data nodes all represent a certain attribute of the sample. From each node as a starting point, there can be multiple paths, and the number of paths represents how many attributes there are. The specific model classification method is from the root node to a certain path to some intermediate nodes and finally to a certain leaf node. The path from the root node to the leaf node can be regarded as a certain data classification rule. The model form of the decision tree is a collection of all data classification rules. For any data, there is one and only one path in the decision tree, which determines that the model output result for the data is unique. Through this set of paths, the prediction set also completes the model prediction.

According to the algorithm principle of the decision tree model, the model application process is divided into three steps [88]: The first step is variable selection. The decision tree is first split from the root node, so which variable the root node chooses is the primary issue to be considered. The second step is the generation of the decision tree. For qualitative variables, you can merge the category values and then use the binary splitting process, or you can multi-split according to each category value. For quantitative variables, either binary splitting can be used directly, or it can be discretized into several category values and then splitting into multiple branches. The third step is the pruning of the decision tree. After a decision tree is generated, there may be cases where the degree of freedom of the model does not match the reality, and then it needs to be pruned.
[bookmark: _Toc87655013]2.2.2 Integrated Models
[bookmark: _Toc87655014]2.2.2.1 Random Forest
Random forest was proposed by Breiman et al. [89]. The random forest model is a data mining model with integrated learning ideas, and its essence is a classifier model containing many decision trees. The random forest model applies the idea of bagging ensemble learning. In the current algorithm, the accuracy of random forest is relatively high, and it performs well on large feature spaces and large data sets. In addition, random forest can handle missing values and calculate the importance of features, which is very flexible and practical.

The basic unit of random forest is the decision tree. It is a kind of tree structure, in the classification problem, it represents the process of classifying data based on the given features and according to the feature selection. Random forest is the result of integration of multiple decision trees. "Random" means that the training data and training features used when each decision tree is generated are not the same. The randomness of these two aspects makes the random forest not easy to fall into over-fitting and improves the anti-noise ability.

Specifically, the process of random forest generation [90] is: (1) Determine the parameter k. Randomly extract k sample sets from the original data set with replacement to generate k decision trees. (2) Determine the parameter m. When each tree is generated, m features are randomly selected from the original feature set. When the node is split, the optimal feature is selected by calculating the information gain from these m-dimensional features. Each decision tree is constructed without pruning. Because the lusher each tree grows, the better the performance of the random forest. (3) The final training result is determined according to the results of the final k decision trees. The voting method is used in the classification problem, and the simple average method is used in the regression problem.
[bookmark: _Toc87655015]2.2.2.2 Light GBM
Light GBM (Light Gradient Boosting Machine) [91] refers to a lightweight gradient boosting machine. It is a distributed gradient boosting algorithm framework proposed by Microsoft in 2016. It is widely used due to its fast running and high accuracy. The principle of Light GBM is Boosting integration based on decision trees, which is the same as XGBoost to optimize the GBDT algorithm.

The GBDT and XGBoost algorithms have achieved good results, but if the sample size is large and the feature dimension is high, due to the need to repeatedly read and write all the training data, the memory consumption is large, and the training efficiency is not high. Light GBM performs better than XGBoost in this respect. The principle of Light GBM is still gradient promotion, mainly to improve the efficiency of the algorithm. The performance of the algorithm is improved a lot without loss of accuracy, and it can be used to process large-scale data.

Light GBM is mainly adjusted and optimized from the following aspects:
First, use the GOSS algorithm to sample the samples. GOSS (Gradient-based One-Side Sampling) refers to gradient-based one-side sampling. The idea of GOSS is to keep samples with larger gradients in each iteration, and randomly sample samples with smaller gradients [92]. Because a sample with a smaller gradient means that the residual of the training is already small, it means that the sample has been well trained, and the value that can be provided in the next round of training is not great. But if it is discarded directly, the distribution of the data itself will change, so GOSS sampling is used.

Second, the EFB algorithm bundles mutually exclusive features. Light GBM reduces the dimensionality of features to improve the training speed, and mainly uses the EFB (Exclusive Feature Bundling) algorithm. Because high-dimensional data is often sparse data, many features in sparse data are mutually exclusive, and mutually exclusive features can be bundled to form a feature [92]. The binding of mutually exclusive features mainly adopts the histogram idea.

Third, the difference between the histogram algorithm and the histogram is accelerated. The Histogram algorithm selects k values according to the data distribution of the variables, and forms the data into a histogram with a width of k. Then it only traverses to find the optimal segmentation point according to the discrete value of the histogram, instead of traversing the entire data, thus improving the training speed. In addition, the histogram of a certain leaf node can be obtained from the difference between the histogram of the parent node and the histogram of the brother leaf node. Light GBM uses the histogram to do the difference acceleration, it is easy to get the histogram of the brother leaf node, and the speed is improved.

Fourth, adopt the Leaf-wise decision tree growth strategy. Generally speaking, when the decision tree is split, the nodes of the same layer are not distinguished, and the nodes of the same layer are traversed once and the data is split at the same time. Such a strategy is called a level-wise leaf growth strategy. In the actual training process, it is found that some nodes do not need to be split, and splitting them all indiscriminately will bring unnecessary overhead. Light GBM improves on this, adopting the Leaf-wise decision tree growth strategy, each time only the leaves with the largest split gain are split, and the maximum depth limit is increased to prevent overfitting [93].
[bookmark: _Toc87655016]2.3. Evaluation Index
After constructing a personal credit risk prediction model on loan data based on data mining theory, the prediction effect of the model needs to be evaluated. The specific evaluation indicators that need to be used include a confusion matrix and a model evaluation index system obtained from the confusion matrix [84].
[bookmark: _Toc87655017]2.3.1 Confusion Matrix
The purpose of the training set is to train the data mining model, and the test set mainly tests the model effect of the data mining model obtained. How to evaluate the effect of the model intuitively and concisely, the confusion matrix output after model prediction plays such a role. In the confusion matrix, the columns represent the prediction types, and the rows represent the true types. Normally, we regard 1 as positive and 0 as negative. The specific format is shown in Table 2.1 below.

Table 2.1 Confusion matrix
	
	
	Forecast type

	
	
	0
	1

	Real type
	0
	TN
	FP

	
	1
	FN
	TP



[bookmark: _Toc87655018]2.3.2 Model Evaluation Index System
The evaluation index system of the model is used to comprehensively evaluate the prediction effect of the model, mainly introducing accuracy, precision, recall and F1 statistics.

In the model evaluation index system, the accuracy is best understood, and the application range in real problems is also wider. The accuracy reflects the approximate prediction accuracy of the trained model:

		(2.1)
Using accuracy alone is often not enough for researchers to further evaluate the prediction effect of the model. The model's prediction of positive samples is often more worthy of attention. When conducting personal credit risk assessment, it is generally more important to correctly identify a borrower with a high credit risk than to correctly identify a borrower with a low credit risk, which means that the model is more effective. Therefore, the next two evaluation indicators are introduced, namely accuracy and recall. The meaning of precision is the ratio of the true positive sample (TP) to the sample predicted to be positive by the model (TP+FP). The meaning of recall is the ratio of true positive samples (TP) to model samples (TP+FN). The mathematical expressions of precision and recall are as follows:
		

		   (2.2)                         

                                                          (2.3)
               
Although accuracy and recall are both indicators to evaluate the predictive effect of the model on positive samples, there are problems that cannot be reconciled because the two indicator formulas are set like the positive and negative sides of a coin. Therefore, it is necessary to propose a new model evaluation index, namely F1 statistics. The emergence of F1 statistics can solve the above-mentioned model evaluation index discrepancy. It considers both accuracy and recall, and is an index that comprehensively represents model performance. The calculation formula of F1 statistical value is as follows:

                     (2.4)
[bookmark: _Toc87655019]2.3.3 ROC
The ROC curve is also often used as a measure of the performance of a binary classification model [94]. The ROC curve defines the false positive rate FPR as the x-axis, and the true rate TPR as the y-axis. Among them, the false positive rate FPR is defined as the proportion of samples that are actually negative classes that are predicted to be positive classes:


                            (2.5)
The ROC curve is shown in Figure 2.1. The dot on the dotted line indicates that TPR=FPR, which is the result of random prediction. When FPR=0 and TPR=1, it corresponds to the point (0,1) in the upper left corner, which means that all samples are classified correctly, which is the most ideal situation. In practice, the classifier is basically impossible to achieve such a perfect result. Therefore, you can only make the curve as close to the upper left corner as possible. At this time, it means that there are more correctly classified samples than incorrectly classified samples.
[image: ]
Figure 2.1 ROC curve

When doing the ROC curve, many classifiers can get the predicted category probability. At this time, the final classification result is determined by specifying a threshold. By constantly changing the threshold, different TPR and FPR are obtained, thereby obtaining the ROC curve. Generally speaking, the ROC curve obtained by the classifier is located above the dotted line. In order to easily see the performance of different models, define the AUC value as the area under the ROC curve. The larger the AUC value, the better the model. AUC is generally greater than 0.5. According to experience, if AUC is between (0.5, 0.7), the model effect is average; if AUC is between (0.7, 0.9), the model effect is more accurate; if AUC>0.9, the model is very good.

[bookmark: _Toc87655020]3. Data Processing and Feature Engineering
The source data for data mining may come from internal data sources (databases) or external data sources (web crawlers, questionnaire surveys, etc.). Before modeling, a large number of original tables and original fields need to be processed first, and a large amount of data preprocessing work is performed, such as the processing of missing values and outliers, and the association of multiple original tables to obtain the target field. Perform data cleaning before modeling to improve data quality and improve the classification performance of subsequent models.
[bookmark: _Toc87655021]3.1 Data Set Source
Before conducting research on actual problems, it is necessary to collect a data set suitable for the actual situation. The data selected in this article is the competition data set of the Tianchi big data platform, and the data source is the historical loan records of a certain credit platform. The data covers the basic user information of the credit platform and the data information about the user's personal credit history and behavior collected during the credit investigation process. This data set was obtained through formal channels, and the loaner’s employment title, loan purpose, postal code, loan name and other information involved in the data have been desensitized.

[bookmark: _Toc87655022]3.2 Data Preprocessing
The data set mainly contains three parts, one is the lender number (id), the other is 45-dimensional independent variable information (x), including 15 columns of anonymous variables, and the third is whether the lender is in default information (y). The total amount of data exceeds 1.2 million.

Whether it is because of user information confidentiality or corporate data security, data desensitization is a necessary link. However, desensitization under normal circumstances will not affect the analysis of data characteristics. In this data set, variables that have no meaning for model building, such as five variables such as employmentTitle, purpose, postCode, regionCode, and title, have no meaning for model building, so they should be deleted before building the model.

Some date-type variables contained in the data, because this article only digs out the influence of the user’s own characteristics and historical behavior information on the eventual default, plus the date-type variables are difficult to deal with in the process of data association and integration, so it is considered that date-type variables, such as issueDate and earliestCreditLine have nothing to do with whether the user ultimately defaults, and the date variable is deleted.

After preliminary screening, the final data set has 1.2 million records, 39 independent variables and 1 dependent variable, as shown in Table 3.1.

Table 3.1 Data Set Variable Table
	Number
	Variable
	Variable Meaning

	1
	Id
	The unique letter of credit identifier assigned by the loan list

	2
	loanAmnt
	Loan amount

	3
	term
	Loan period (year)

	4
	interestRate
	Lending rates

	5
	installment
	Installment amount

	6
	grade
	Loan grade

	7
	subGrade
	Child of loan class

	8
	employmentLength
	Employment years

	9
	homeOwnership
	The housing ownership status provided by the borrower at the time of registration

	10
	annuallncome
	Annual income

	11
	verificationStatus
	Verification status

	12
	dti
	Debt-to-income ratio

	13
	delinquency_2years
	The number of default events overdue for more than 30 days in the borrower’s credit file in the past 2 years

	14
	ficoRangeLow
	The lower limit range of the borrower's fico at the time of loan issuance

	15
	ficoRangeHigh
	The upper limit range of the borrower's fico at the time of loan issuance

	16
	openAcc
	The number of outstanding credit lines in the borrower's credit file

	17
	pubRec
	The number of derogatory public records

	18
	pubRecBankruptcies
	Number of public records cleared

	19
	revolBal
	Total credit turnover balance

	20
	revolUtil
	Cycle quota utilization

	21
	totalAcc
	The total number of credit lines currently in the borrower's credit file

	22
	initialListStatus
	Initial listing status of the loan

	23
	applicationType
	Whether the loan is an individual application or a joint application with two co-borrowers

	24
	policyCode
	Publicly available strategy code=1 New product not publicly available strategy code=2

	25
	n0-n14
	Anonymous features n0-n14 are the processing of counting features for some lenders’ behavior

	26
	isDefault
	Whether the lender defaulted



[bookmark: _Toc87655023]3.2.1 Missing Value Processing
In the practice of data operation, it is normal for missing values to appear. The data may be missed due to negligence in the process of collecting data. It may be because the data feature does not exist, for example, the income status of people who do not have a job cannot be filled in. It may also be that people are reluctant to disclose some sensitive information, for example, high-income groups are reluctant to disclose their income. The lack of data will have a certain impact on data mining, thereby affecting the uncertainty of model predictions, and may lead to some difficult-to-interpret results. But the existence of missing values does not affect the decision tree model, because the decision tree also regards missing values as a category.

For the processing of missing values, the following methods are generally adopted: (1) When the attribute contains a large number of missing values and there is only a small amount of valid data, the attribute is deleted. (2) Fill in missing values through the similarity of non-missing data in the data. (3) No processing for missing values.

Most of the variables in the data set have different degrees of missing, and different processing methods are used for the missing and degree of different attributes. For attributes with a degree of missing greater than 80%, select to delete the attribute. For attributes that are missing less than 20%, in principle, they should be completed.

There are enough variables in this data set. There are 19 columns of independent variables with missing values, but the missing values of the variables are all less than 20%, and the proportion of missing values of features is small, so the data is filled according to the existing records. For numerical characteristic data, if the data roughly obeys a normal distribution, use the mean to complete; if the data present a skewed distribution, use the median to complete. For categorical data, the mode is filled.

[bookmark: _Toc87655024]3.2.2 Dimensionless Processing
Due to the large differences in the magnitude and unit of different features in the data, the incomparability between the indicators is caused, and non-dimensional processing is required. Here, a standardized method is used to remove the influence of dimensions, thereby improving the performance of the model. Calculated as follows:
Transform the value x1, x2 ,,, xn of variable X:

                                                 (3.1)

Among them, is the mean value of the variable X, and s is the standard deviation of the variable X.

[bookmark: _Toc87655025]3.2.3 One-Hot Coding
In the data set in this article, the features are not all continuous, and some features are categorical variables. For these features, many machine learning models are unable to identify them, and these features need to be represented by numbers. For some naturally ordered variables, in the encoding process, in order to maintain the order relationship as much as possible, the characteristic values can be represented by numbers according to the value level. If there is no order in the value of the variable itself, if the digital code is used directly, the computer will automatically make a judgment based on the value of the value, which will generate an error message. Therefore, for categorical variables whose values are not ordered, use One-Hot coding.

One-Hot coding represents categorical variables as binary variables. If a variable has K values, the One-Hot code will generate K features, all of which are 0 or 1. One-Hot encoding will make the classification results more accurate, which can solve the problem of the model's processing of classified data and expand the features.

High-dimensional categorical features need to be converted. In this data set, categorical variables are first encoded. Category features like ‘grade’ and ‘subGrade’ are data representing categories, but credit ratings are divided into high and low levels and have priority, so they can be directly mapped into numeric types. For numerical features, use one-hot encoding to process the two features of ‘homeOwnership’ and ‘verificationStatus’. Commonly, data science often uses sklearn Onehot+Label to code together. That is, first use label coding to label multiple states of a certain discrete feature, and then perform one-hot coding on these labels.
[bookmark: _Toc87655026]3.2.4 Unbalanced Data Processing
In fact, the number of defaulting users is much smaller than that of non-defaulting users, which will cause the problem of unbalanced sample distribution. In the process of model learning, the number of samples of a certain class is too small, which will lead to insufficient training of the model for this class of samples, and the classification results tend to be biased towards most classes of samples. At this time, the classification performance of the model is significantly reduced. In the data set selected in this article, there are 159,610 bad customers and 640,390 good customers. The data is unbalanced.

The method of dealing with unbalanced data is mainly based on the data of the training set, changing the number of samples of different categories in the training set, thereby eliminating the imbalance of the categories. There are generally two ways of under-sampling and over-sampling. 

(1) Under-sampling: It refers to randomly discarding samples of the majority class and keeping the samples of the minority class unchanged. By reducing the number of samples of the majority class, the ratio of the samples of the majority class and the minority class meets the requirements. This method is simple and convenient, but it will lose important information of most types of samples and may cause under-fitting of the model.
(2) Oversampling: The minority samples are randomly copied, and the majority samples remain unchanged. By increasing the number of minority samples, the ratio of the majority and the minority samples meets the requirements. This method is simple and convenient, but because the information of a small number of samples is copied, it will cause the model to overfit.

Because the data set in this article is extremely unbalanced, the amount of data between the two types of customers is too different. Using only under-sampling requires discarding most of the majority data, and a lot of information will be lost; using only over-sampling requires a large number of copies of minority samples. This will lead to overtraining of minority samples and weak model generalization ability. Therefore, this article uses a combination of under-sampling and over-sampling to balance the data, that is, for most samples, random under-sampling is used to select samples; for minority samples, SMOTE over-sampling is selected to increase samples.

The basic idea of using the SMOTE oversampling algorithm [95] is that when copying the minority samples, it is not simply copying, but through the k-nearest neighbor algorithm, finding the minority samples with similar positions, thereby synthesizing new samples. It can avoid the problem of overfitting to a certain extent.

The algorithm flow of SMOTE is as follows:



Suppose the number of minority samples in the training set is T. Select a positive integer N as the upsampling magnification, and k as the number of nearest neighbors in the nearest neighbor algorithm. Then the algorithm will finally synthesize NT minority samples. When , is handled. For a sample of the minority :

(1) 

Calculate the k nearest neighbors of samplein all T minority samples, denoted as;
(2) 


Randomly select an  from the selected k nearest neighbors , and synthesize a new sample :

                                                  (3.1)
(3) Repeat (2) N times to synthesize N new samples; 
(4) Perform the above operations on each minority sample, and finally synthesize NT minority samples.

[bookmark: _Toc87655027]3.3 Descriptive Statistical Analysis
Due to the large amount of data, before screening the indicators for modeling, perform descriptive statistical analysis of the data to clarify the distribution and basic conditions of the values of each variable, and deepen the understanding of the data.

[bookmark: _Toc87655028]3.3.1 Categorical Variables 
（1）EmploymentLength
The statistical customers will be visualized and analyzed according to their employment years and a stacked histogram will be drawn, as shown in Figure 3.1. It can be seen that the number of loans with an employment period of 10+years is the largest, followed by 2 years and <1 year. The number of loans with an employment period of 9 years is the smallest. In fact, customers who have been employed for more than ten years or who have just been employed for one to two years will be more aggressive in their choice of loan behavior and prefer loans. It can be seen from the percentage stacked histogram that the probability of default has little to do with the length of employment.
[image: ][image: ]
Figure 3.1 Analysis of employment years and loan default

(2) Grade
Income is divided into seven levels, the higher the level, the higher the income. Excluding the missing value data set, it is found that people with middle income will choose loan business more, and users with lower income and higher income rarely have loan business. Because people with low incomes are unable to bear the risk of default due to their limited repayment ability, companies often do not extend loans to such groups of people. People with high incomes basically have no need for loans, so there are fewer loans. From Figure 3.2 of the percentage stacking histogram, the percentage of default users decreases as income increases, indicating that people with higher income are less likely to default.
[image: ][image: ]
Figure 3.2 Analysis of income and loan default
[bookmark: _Toc87655029]3.3.2 Numerical Variables 
（1）Loan Amount and Installment
Draw the grouped box plots of loan amount and installment respectively. As can be seen from Figures 3.3 and 3.4, in the historical loan records of the lending institution, the median loan amount and installment of defaulting users are higher than those of non-defaulting users. They are concentrated at around 14300 and 400 respectively, and the overall boxes of defaulting users are relatively high. It shows that under relative comparison, people with more loans and installments will be relatively easy to default. Because for users who have greater demands on these business indicators, the probability of default will be relatively large to a certain extent.
[image: ]
Figure 3.3 Analysis of loan amount and loan default
[image: ]
Figure 3.4 Analysis of installment payment amount and loan default

(2) OpenAcc and TotalAcc 
Draw box plots of the number of outstanding credit lines and the total number of current credit lines in the user's loan credit file, as shown in Figure 3.5 and Figure 3.6. The number of defaults for most users is relatively small, concentrated around 10. The boxes of defaulting users are slightly higher than those of non-defaulting users, but there is basically no big difference. The current credit limit of defaulting users is concentrated around 22. The boxes of defaulting users are slightly lower than those of non-defaulting users, but the difference is not obvious.
[image: ]
Figure 3.5 Analysis of the number of outstanding credit lines and loan defaults
[image: ]
Figure 3.6 Analysis of current total credit limit and loan default

After preliminary exploration of the data, it can be found that transaction information and personal information will have a relatively important impact on the classification results, and the indicators of credit information do not provide much value for the final classification.
[bookmark: _Toc87655030]3.4 Feature Selection
After data cleaning, a total of 40 features were obtained, including 800,000 observation data. Among them, there were 640,390 non-defaulting users, accounting for 80.05%, and 159,610 defaulting users, accounting for 19.95%, as shown in Figure 3.7. In this paper, the dependent variable is user default or non-default. When constructing the classification model, it is necessary to select features instead of selecting all the variables into the model, otherwise it will increase the complexity of the model and easily lead to overfitting. This involves the issue of feature selection.
[image: ]
Figure 3.7 Distribution of default users

In the process of feature selection, two aspects generally need to be paid attention to: First, whether the feature contains enough information. If the value of a feature has a relatively small change, the feature can reflect very little information and does not contribute much to the final classification result, so it is regarded as an invalid variable. Secondly, it is necessary to select variables that are meaningful for modeling, and fully consider the predictive ability of the variables, the correlation between the variables and the target, the correlation between the variables, the robustness of the variables, and so on.
[bookmark: _Toc87655031]3.4.1 Filter Invalid Variables 
If the value of a variable is mostly concentrated on a certain value, it means that the variable has almost no effect on distinguishing default users from non-default users. If there are some variables in the data that only concentrate on one value, then the variable does not provide any value for the final classification result. The variable is considered invalid and the variable is deleted.

After screening, invalid variables are obtained as shown in Table 3.1.

Table 3.1 Invalid variables
	Number
	Variable Name
	Value
	Percentage

	1
	policyCode
	1
	100%



In addition, id is mainly used to distinguish customers. It is the only code for customers. It has nothing to do with model establishment and classification results, so it is deleted.
[bookmark: _Toc87655032]3.4.2 IV Screening Variable
The predictive ability of a variable is an important indicator to measure whether the variable is selected into the model. This article mainly evaluates the predictive ability of variables based on the IV value, and then selects the features.

IV (Information Value) is used to measure the amount of information of a variable. For an individual X to be judged, in order to judge whether it is a default user or a non-default user, it is necessary to collect certain information to judge, that is, to select some characteristics to judge, these characteristics contain the information we need. For a certain feature, the more information it contains, the more valuable it is to judge the final classification, and the more it should be selected into the model.

The calculation of IV value depends on the result of WOE binning. WOE (Weight of Evidence) refers to the weight of evidence, which is an encoding form of the original independent variables. First, the variables need to be binned, and then the WOE value is calculated for each group after binning [96], and the IV value is calculated by the WOE value.

Variable binning is to discretize continuous variables, that is, to group them. For a variable that has been binned, WOE is calculated for each bin:

                           	                  (3.2)





Good refers to users who have not breached the contract, that is, users whose label y=0. Bad refers to the default user, that is, the user whose label y=1. refers to the number of users whose label is y=0 in each group, and refers to the number of users whose label is y=0. Correspondingly,  refers to the number of users with label y=1 in each group, and refers to the number of users with label y=1. It can be seen that WOE characterizes the difference between the proportion of non-defaulting users to all non-defaulting users and the proportion of defaulting users to all defaulting users in the current group. If the difference is larger, it means that the distinguishing ability of this group is stronger.

Next, calculate the IV value of each box after the box is divided:

                                           (3.3)
Assuming that a variable is divided into N groups, the IV value corresponding to the variable is:

                                   	                              (3.4)

The binning structure can be adjusted according to the IV value, and the WOE and IV values can be recalculated. When the IV value reaches the maximum, the binning structure at this time is the optimal binning structure.

Table 3.2 IV value and predictive ability
	IV
	Predictive Ability

	<0.02
	No predictive ability, not included in the candidate set of model variables

	0.02~0.09
	Low predictive ability, consider whether to include the model according to the actual situation

	0.1~0.29
	Medium predictive ability, included in the model

	0.3~0.49
	High predictive ability, incorporated into the model

	>0.5
	High predictive ability, incorporated into the model



This article mainly uses the smbinning package of R language to find the optimal binning. The optimal binning here is mainly performed by Conditional Inference Tree. In the calculation, the missing value is first excluded to find the optimal cut point, and the missing value is considered when the IV value is finally calculated. For some variables that cannot be binned by the decision tree, use the woeBinning package. 

Through WOE binning and IV value calculation, the variables with IV value less than 0.02 are deleted, and it is considered that these variables have basically no predictive ability. The deleted variables are shown in Table 3.3.

Table 3.3 Variable table for IV<0.02
	Id
	Variable Name
	IV Value

	1
	delinquency_2years
	0.0027

	2
	openAcc
	0.0045

	3
	pubRec
	0.0064

	4
	pubRecBankruptcies
	0.0042

	5
	revolBal
	0.0043

	6
	totalAcc
	0.0019

	7
	n0
	0.0030

	8
	n1
	0.0102

	9
	n4
	0.0018

	10
	n5
	0.0031

	11
	n6
	0.0011

	12
	n7
	0.0065

	13
	n8
	0.0009

	14
	n10
	0.0041

	15
	n13
	0.0015


[bookmark: _Toc87655033]3.4.3 Correlation analysis
Some classification algorithms do not allow strong correlation between variables, such as logistic regression. Therefore, this article analyzes the correlation between variables and eliminates the variables with strong correlation.

For quantitative analysis of correlation, the commonly used index is correlation coefficient. In this paper, the Person correlation coefficient is used to express the correlation between variables.

                             	                      (3.5)

The degree of correlation is judged by the absolute value of the value of the correlation coefficient. Generally speaking, the absolute value of the correlation coefficient is less than 0.4, which means that the correlation is not strong. The absolute value of the correlation coefficient is greater than 0.6, and it is considered that there is a strong correlation. This paper takes 0.6 as the boundary, and eliminates the variables that are strongly correlated. Fig. 3.8 is a thermodynamic diagram showing the correlation between variables.
[image: ]
Figure 3.8 Heat map of the correlation between variables

According to the high correlation characteristics, comprehensively considering their relevance to the target, the deleted variables are shown in Table 3.4.

Table 3.4 Relevant variables eliminated
	Id
	Variable Name

	1
	installment

	2
	interestRate

	3
	subgrade

	4
	ficoRangeHigh

	5
	n3

	6
	n9



Finally, after data preprocessing and variable screening, there are 17 model variables in the training set, including 16 independent variables and 1 dependent variable, with a total of 800,000 data. Among them, there were 640,390 defaulting users and 159,610 non-defaulting users.







[bookmark: _Toc87655034]4. Modeling
[bookmark: _Toc87655035]4.1 Divide the Training Set and Test Set
Before building the model, divide the data into a training set and a test set. This article collects 80% of the data as the training set, and the remaining 20% is used for testing.

The ratio of defaulting users to non-defaulting users in the training set is about 1:4, and the distribution is extremely unbalanced. Therefore, a combination of random under-sampling and SMOTE over-sampling is used to balance the data set, and the balanced results are shown in Table 4.1.

Table 4.1 Sample distribution of the balanced training set
	Training set
	Non-defaulting users
	Default user

	Number of users
	199512
	159610

	Percentage
	55.56%
	44.44%



[bookmark: _Toc87655036]4.2 Model Experiment Results
In terms of model selection, this article uses four algorithms: Logistic regression, support vector machine, random forest, and Light GBM model for modeling. Among them, Logistic regression, as the most commonly used method in credit behavior prediction problems, is easy to use and explain, and its output is the probability score of the sample. The best threshold can be selected to output the classification results according to the actual situation. It has a wide range of credit evaluation fields. application. Support vector machine is also a commonly used algorithm in credit evaluation. It only considers the support vectors on the classification boundary and is not affected by the data far away from the classification hyperplane. It can avoid the interference of noise in the data to a certain extent. In addition, this paper also chooses two integrated models for research. Since the decision tree algorithm has high prediction accuracy in the field of credit evaluation, the ensemble model that uses the decision tree as the weak classifier is mainly selected when selecting the ensemble model. Random forest is a typical representative of decision tree integration. It has a wide range of applications in many fields. The dual selection of data and features makes the model prediction accuracy high and has good anti-interference ability. Therefore, this paper chooses random forest to study the prediction of credit default behavior. Light GBM is also based on decision tree integration, which is an efficient gradient boosting algorithm that achieves high accuracy while greatly improving the training speed, and the performance of the model is widely recognized. This article selects Light GBM for modeling to examine its performance on credit evaluation issues.

Next, use the balanced training set to train the above four models separately, test each model on the original test set, and select the classification accuracy and AUC value as the evaluation criteria for model performance.
[bookmark: _Toc87655037]4.2.1 Logistic Regression
Logistic regression needs to treat categorical variables as dummy variables and perform data normalization at the same time. The logistic regression model is predicted based on the original test set, and the predicted probability value of each sample as a default user can be obtained. The final classification result can be obtained by specifying a threshold, and the ROC curve of Logistic regression can be obtained by specifying different thresholds. The optimal segmentation threshold is 0.475, and the confusion matrix obtained by Logistic regression is shown in Table 4.2.

Table 4.2 Confusion matrix of Logistic regression
	Confusion matrix
	Predict

	
	Non-defaulting
	Default

	Real
	Non-defaulting
	31168
	20492

	
	Default
	8888
	11277



The overall prediction accuracy rate is 59.10%, of which the proportion of non-defaulting users correctly classified is 60.33%, and the proportion of defaulting users correctly classified is 55.92%. The effect of model training is average. 

Figure 4.1 shows the ROC curve of Logistic regression. The AUC value is 0.6008, indicating that the model effect is average.

[image: ]
Figure 4.1 ROC curve of logistic regression
[bookmark: _Toc87655038]4.2.2 Support Vector Machine
This paper uses a kernel function support vector machine. According to related studies, the radial basis kernel function, also known as the Gaussian kernel function, has the highest recognition rate and the best performance, which can directly output the predicted category during prediction. Choose to use Gaussian kernel function to build a support vector machine model, and use the test set to make predictions. It is found that when the regularization term c=3, the classification effect is the best. At this time, the confusion matrix of the support vector machine is shown in Table 4.3.

Table 4.3 Confusion matrix of SVM
	Confusion matrix
	Predict

	
	Non-defaulting
	Default

	Real
	Non-defaulting
	31635
	20492

	
	Default
	7998
	12167



According to Table 4.3, the overall accuracy rate is 62.28%, of which 66.49% of non-defaulting users are correctly classified and 60.34% of defaulting users are correctly classified.

The ROC curve of the support vector machine is shown in Figure 4.2 below, and the AUC value is 0.6526. The model effect is average.
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[bookmark: _Hlk87653511]Figure 4.2 ROC curve of SVM
[bookmark: _Toc87655039]4.2.3 Random Forest
Random forest is not sensitive to multiple collinearities, so there is no need to consider whether there is a problem of collinearity between variables. And random forest is relatively robust to abnormal data and unbalanced data. Determine the key parameter: n_estimators, which refers to the number of decision trees included in the random forest.

First, find the optimal tree range of decision trees contained in the random forest, and draw the relationship diagram between decision tree trees of different parameters and the prediction accuracy, as shown in Figure 4.3(a). Then reduce the scope of n_estimators according to Figure 4.3, and determine the optimal decision tree , as shown in Figure 4.3(b). It can be seen that when the decision tree is 192, the prediction accuracy is the best, so n_estimators is determined to be 192.
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(a)
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(b)
Figure 4.3 Decision tree and prediction accuracy

Then use the built random forest to predict, you can know the prediction category of each sample in the test set and the probability that the sample is predicted to be a non-overdue user and an overdue user. The confusion matrix of the random forest is shown in Table 4.4 below:

Table 4.4 Confusion matrix of random forest
	Confusion matrix
	Predict

	
	Non-defaulting
	Default

	Real
	Non-defaulting
	29814
	13973

	
	Default
	10475
	17911



The accuracy rate is 65.66%, of which 68.09% of users who have not breached the contract are correctly classified, and the proportion of users who have breached the contract is 63.10%. The result of model training is more ideal than the result of logistic regression, and the prediction accuracy rate for non-defaulting users has been greatly improved, and the prediction accuracy rate for defaulting users has also been improved.

Figure 4.4 shows the ROC curve of random forest. It can be seen that the AUC value is 0.7105, and the model effect is better.
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Figure 4.4 ROC curve of random forest

[bookmark: _Toc87655040]4.2.4 Light GBM
Light GBM is mainly implemented using Python software. The important parameters are: max_depth and num_leaves adjust the depth of the tree and the maximum number of leaf nodes. learning_rate is the learning rate, which controls the convergence speed. min_child_weight refers to the minimum amount of data on a leaf, which can avoid overfitting. feature_fractio is the ratio of features selected when spanning the tree, which can increase the training speed and prevent overfitting. bagging_fraction refers to the proportion of selected samples when spanning the tree, which can also avoid overfitting.

This article chooses Bayesian parameter tuning method. The main idea of Bayesian parameter tuning is: given an optimized objective function, update the posterior distribution of the objective function by continuously adding sample points. Simply put, it takes into account the information of the last parameter, so as to better adjust the current parameter. After tuning, the selected parameters are: max_depth=19, num_leaves=14, learning_rate=0.01, min_child_weight =1.6, feature_fraction=0.69, bagging_fraction=0.98. Test with the test set, and get the confusion matrix of Light GBM as shown in Table 4.5.

Table 4.5 Confusion matrix of Light GBM
	Confusion matrix
	Predict

	
	Non-defaulting
	Default

	Real
	Non-defaulting
	36416
	14141

	
	Default
	5141
	16127



The accuracy rate is 73.81%, of which 72.03% are correctly classified for non-defaulting users, and 75.83% are correctly classified for defaulting users. 

Figure 4.5 shows the ROC curve of Light GBM, AUC=0.7164, the model effect is better.
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Figure 4.5 ROC curve of Light GBM
[bookmark: _Toc87655041]4.3 Model Evaluation and Comparison
Table 4.6 summarizes the prediction results of each model in order to compare and analyze the classification performance of each model.

Table 4.6 Comparison of evaluation indicators of each model
	Models
	Overall classification accuracy
	Classification accuracy of non-default users
	Classification accuracy of defaulted users
	AUC value

	Logistic regression
	59.10%
	60.33%
	55.92%
	0.6008

	Support Vector Machines
	62.28%
	65.49%
	60.34%
	0.6526

	Random forest
	65.66%
	68.09%
	63.10%
	0.7105

	LightGBM
	73.81%
	72.03%
	75.83%
	0.7164



First of all, after random under-sampling and SMOTE over-sampling are balanced, the classification performance of a single model is improved, which can achieve a certain classification effect and avoid the problem of model failure. However, from the perspective of various indicators, the classification effect of a single model is not particularly ideal. Among them, Logistic regression has general classification performance for various samples. Because logistic regression is more prone to under-fitting, and the performance is poor when the feature space is relatively large. The AUC value of the support vector machine is also low, but the accuracy rate of non-default users is increased compared with Logistic regression. Because the support vector machine result is determined by the support vector located at the classification boundary, it is possible to grasp the key samples and avoid the influence of a large number of redundant samples, so the classification accuracy rate of non-default users is improved. However, the SMOTE copy samples of the defaulting user during training will blur the class boundary, so the support vector will be affected by the noise at the boundary, which will result in a low classification accuracy of the defaulting user. In practice, we pay more attention to whether default users can be accurately identified. Compared with misjudged normal users, misjudged defaulting users as normal users will suffer greater losses.

The classification performance of the ensemble model is better than that of the single model. The classification performance of random forest has been greatly improved compared with the former two. In the random forest, a certain decision tree is affected by noise, and the prediction error will not cause the whole algorithm to be affected too much. Random forest will predict the error only when more than half of the decision tree classification errors occur, thus greatly improving the prediction ability. The application of the Light GBM model in credit risk prediction has consistently demonstrated its powerful classification performance. Compared with random forest, although the overall classification accuracy and the classification accuracy of non-default users are slightly lower than those of random forest, the accuracy of default users is higher than that of random forest, and the AUC value is slightly higher. Comprehensive judgment of various indicators shows that Light GBM is better than Random Forest.

[bookmark: _Toc87655042]5. Conclusion
For banks and lending institutions, it is very important to accurately predict whether customers will default in the future, so that they can provide valuable advice on whether to issue loans and minimize losses. 

This article takes the historical data of a lending institution as an example. First, a lot of work has been done on data, including data association, cleaning, and processing. It is hoped that the information can be integrated and the loss of information can be avoided to the greatest extent. The characteristic of value is used as the model variable. In addition, because the credit behavior prediction problem is often unbalanced data, over-sampling or under-sampling is often required for balancing. In this paper, random under-sampling and SMOTE over-sampling are performed on the unbalanced training set, and then Logistic regression, support vector machine, random forest and Light GBM are selected for modeling. Based on the classification accuracy and AUC value, the classification performance of these models was evaluated on the original test set.

The final conclusions are as follows: 

(1) After combining random under-sampling and SMOTE over-sampling, a single model can achieve a certain classification effect on the obtained balanced data, which can avoid the problem of algorithm failure when the data is extremely unbalanced. 

(2) The performance of the integrated algorithm is better than that of a single algorithm, and the performance of Light GBM is better. After verification, the application of Light GBM to the study of credit default behavior can still exert powerful classification performance and achieve good results. Generally speaking, its classification performance is higher than random forest, and it runs fast and has small memory. Fine-tuning the parameters can achieve good classification results. Therefore, it is believed that Light GBM is more suitable for conducting research on the prediction of default behavior of loan customers, so as to assist banks or lending institutions in risk management and reduce unnecessary losses.
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