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Abstract: Now there are many methods of credit card modeling, of which Logistic regression 

is the most commonly used. Logistic regression has been modified since its introduction. The 

core of logical regression is theoretically supported by linear regression, with the introduction 

of nonlinear factors to deal with the secondary classification problem through the sigmoid 

function. This paper aims to explore the principles and processes of logic regression 

specifically, and to use logical returns for rating card modeling. It is therefore recommended 

that banks use credit cards for effective risk management. Logical regressions are more 

influenced by the data, so in the data processing link, we use sample partitions and distribute 

conversions to WOE values. At the same time, use examples to validate conclusions and to 

present the advantages and disadvantages of Logical Regression. This article also proposes 

the need for back-end monitoring of scorecard models and requires artificial judgment of 

whether the data type of the client reveals valid characteristics.  
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1. Introduction 

The credit card model was first introduced by the US credit rating giant FICO in the 1960s and is 

widely used in the fields of credit risk assessment and financial risk control. The rating card model 

gives credit scores of different grades, thereby determining the quality of the customer [1]. 

The credit card modeling methodology has been very well constructed. Orgler introduced linear 

regression analysis into a credit card model for personal consumer loans [2]. Winginton used the 

logistic regression method for the first time in traditional credit scorecards to represent the training 

sample requirements in two categories of good and bad people and presented a credit rating model 

[3]. Jolly Cloud used the logistic regression model to predict the probability of default of borrowers, 

using AUC as an evaluation indicator, and the model worked well [4]. Since then, the credit rating 

model has been stagnant for years, mostly because of the improvement of the rules of judgment, and 

Hand and others believe that development should be focused on developing more complex models 

[5]. Khandani and others used machine learning technology to predict nonlinear parameters of 

consumer credit risk models and found that machine learning methods were more interpretative than 

linear regression models [6]. Using big data analysis methods and data mining techniques, Huang 

Qing and Wang Lin designed and constructed a risk measurement model for retail customers of 

commercial banks' e-commerce platforms and established a risk rating model [7]. In the process of 
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introducing the decision-tree algorithm in machine learning into the character subbox, the model 

prediction effect is improved [8]. Yuan Jiang and others have proposed the concept of a multi-source 

data universality model, using the XGBoost algorithm to generate a sub-rating model, then convert 

the sub-grading model to a scorecard, and verify its validity by means of empirical analysis [9].  

Wang Xian and Zhang Yuan believe that building a risk strategy requires the modeling of big data 

using machine learning techniques [10]. Xi Jinping and others believe that it is necessary to use 

artificial intelligence technology to analyze and build risk strategies in customer credit assessment, 

borrowing risk assessment, and fraud detection [11]. This article describes the logistic regression 

method. 

2. Background technology 

In general, the logical regression model is the most common type of credit rating model, used in the 

pre-loan approval phase to judge the lender's level of risk. The theoretical basis of the model is 

relatively well-defined and very interpretative, and it is the main method for the development of 

commercial bank credit scorecards. The logical regression factor variable is whether the borrower 

fails or not and is generally referred to as a "good sample" or "bad sample", expressed by 0 or 1. The 

bank then builds up a model based on its own information to calculate the probability of the borrower's 

default [12].  

The first step in logistic regression is the processing of data, i.e., variable filtering, and the 

calculation of IV values. The full name of IV is information value, which means information value, 

which can be used to measure the predictive ability of self-variables. The calculation of the IV value 

requires the use of the WOE value. WOE's full name is Weight of Evidence. WOE is a form of coding 

for the original self-variable. For example, the original value of the answer to a judgment question is 

right and wrong, and the WOE report corresponds to different WOE values. After the conversion is 

completed, for and "wrong" values are replaced by the respective WOE values. The equation (1) to 

(3) for WOE and IV are:  

 𝑊𝑂𝐸𝑖 = ln (
𝑦𝑖

𝑦𝑇
) (1) 

 𝐼𝑉𝑖 = (
𝑦𝑖

𝑦𝑇
−

𝑛𝑖

𝑛𝑡
) × (

𝑦𝑖
𝑦𝑇
𝑛𝑖
𝑛𝑡

)  (2) 

 𝐼𝑉 = ∑ 𝐼𝑉𝑖
𝑛
𝑖  (3) 

𝑦𝑖 is the number of bad samples in this group, 𝑛𝑖 is the amount of good ones in that group, 𝑦𝑇  is the 

total number of goods in the sample, and 𝑛𝑡 is the sum of all bad ones. Multiple linearity tests will 

also be required. Multiple linearity means that the model estimates are distorted or difficult to estimate 

accurately due to the presence of precise or highly related relationships between interpretative 

variables in a linear regression model and therefore need to be excluded during data processing. We 

measure multi-linearity by using the multi-differential expansion factor, assuming that there are 

multiple self-variables, and one of them returns to the X linearity with the remaining X variable, and 

we get 𝑅𝑖
2, and then the multi-linearization factor (equation 4) for 𝑥𝑖 is 

 𝑉𝐼𝐹𝑖 =
1

1−𝑅𝑖
2 (4) 

The second step is to use the existing data matching model. The model in equation (5) is: 
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 𝑙𝑛(
𝑃𝐷

1−𝑃𝐷
) = 𝛽0 + 𝛽1𝑊𝑂𝐸1 + ⋯ + 𝛽𝑚𝑊𝑂𝐸𝑚 (5) 

where PD is the default rate. 

Step three gets a score value. The logical regression model used above predicts probability, i.e., 

default probability estimates, but in the end we need to get a very simple, intuitive score, so we rely 

on the rating calibration to standardize the predicted probability value to a fractional value and get a 

score value table (i.e., how many points each of the variables takes). Score calibration is the use of 

linear conversion to obtain specific scores. We define the equation (6): 

 𝑂𝑑𝑑𝑠 =
𝑝

1−𝑝
 (6) 

where p is the probability of a good sample, and we call odds the good-bad ratio, that is, the ratio of 

good and bad samples. Score values can be obtained by linear mapping, defining equation (7):  

 𝑆𝑐𝑜𝑟𝑒 = 𝐴 + 𝐵 × 𝑙𝑛 (𝑜𝑑𝑑𝑠) (7) 

PDO refers to the score at which the odds become twice as high as they originally needed to be. 

Then, according to the definition of PDO equation (8): 

 {
𝑆𝑐𝑜𝑟𝑒 = 𝐴 + 𝐵 × 𝑙𝑛 (𝑜𝑑𝑑𝑠)

𝑆𝑐𝑜𝑟𝑒 + 𝑃𝐷𝑂 = 𝐴 + 𝐵𝑙𝑛(2𝑜𝑑𝑑𝑠)
 (8) 

Then the equation (9): 

 {
𝐵 =

𝑃𝐷𝑂

𝑙𝑛2

𝐴 = 𝑆𝑐𝑜𝑟𝑒 − 𝐵𝑙𝑛(𝑜𝑑𝑑𝑠)
 (9) 

The output of A and B leads to the original formula, which gives a score card value with different 

probabilities. 

The fourth step is the evaluation of the quality of the model. While we can't use the scorecard 

model directly, we also need to verify its quality. It's usually divided into technical and non-technical 

perspectives. The technical perspective is the AUC indicator and the observation of KS values. Non-

technical perspectives are security, interpretability, and complexity. 

1. Technical point of view  

(1) Calculation of the AUC (Area Under ROC Curve) value  

As shown in Figure 1,the calculation of the AUC value requires drawing a ROC curve. The ROC 

curve is a coordinate chart consisting of the false positive rate (FPR) and the true positive rate of the 

vertical coordinate (TPR), while the area underneath, which is surrounded by the coordinate axis 

(ROC), is called the AUC value. The larger the AUC value, the better the performance of the classifier 

(Figure 1).  
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Figure 1: ROC curve map [12] 

(2) Calculation of the KS (Kolmogorov-Smirnov) value  

As shown in Figure 2, the KS curve is similar to the ROC curve. With different probabilities, draw 

the TPR and FPR curves; the distance between the two curves is the KS value, as shown in Table 1. 

The KS curve is used to measure the differential capacity of a model, allowing a small number of 

errors to be made to identify the bad sample as much as possible.  

 

Figure 2: KS curve map [12] 

Table 1: KS values [12] 

KS Values Results of evaluation 

less than 0.2 

0.2-0.4 

0.41-0.5 

0.51-0.6 

0.61-0.75 

more than 0.75 

Model Unidentifiable 

Models are acceptable 

The model has better differential capabilities 

The model has good differentiation. 

The model has very good differentiation 

Model abnormalities, possible problems 

2. Non-technical perspectives  

(1) Security modeling’s ability to resist external attacks  

(2) Explanation Modelling is easy to understand and variable-specific business implications  

(3) Complexity Models are not easily too complex to reduce development and maintenance costs. 
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3. Substantive analysis 

This article has developed a logical regression model using the data provided by a professor in the 

United Kingdom (the data is not disclosed), with the specific equation (10) as follows: 

 𝑌 = 0.0210782𝑥1 + 0.2951075𝑥2 + 0.0540624𝑥3 + 0.2176936𝑥4 − 1.189183 (10) 

As shown in Figure 3, the AUC value is 0.7818, which indicates a good level of adaptation. 

 

Figure 3: AUC values for matching models 

4. Wind control strategy construction 

Now the banks rely on the rating card for risk management. First, from the principle of logical 

regression, the choice of dataset is especially important. Wind control personnel should pay attention 

to the lender's daily behavior data and focus on extracting effective characteristics that are relevant 

to the economic business. The data dimension includes the basic information of the loan applicant, 

bank card information, whether there has been a default, etc.   Secondly, the banks need to 

combine their own risk preferences and judge the business development characteristics of the 

enterprise, flexible use of credit card tools for credit approval, not relying on scores too much. 

Especially for borrowers with pre-failure section or a lower rating value, it is necessary to make a 

mixed judgement through expert judgment and combination of machine testing [13]. 

Thirdly, the rating card also needs backend monitoring, i.e., observing bad rates, to determine 

whether there are significant differences in risk performance within the range, which can be used by 

banks to optimize the credit card model to improve the model's predictability.  

5. Analysis of problems 

This paper describes only the forward-end process of credit card modeling, i.e., the approval of 

customer loan applications, but requires the study of life-cycle credit card models, including 

automatic post-credit renewal, late default smart recovery, etc. Banks can establish credit scorecards 

and creditors' behavioral scorecards.  

At the same time, the whole process of model monitoring, that is, observing the changes in the key 

indicators of the model, to determine whether the current model performance is still effective, model 
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surveillance to provide the basis for decision-making for the model optimization, can be found 

through monitoring. If the trigger conditions for model optimization are met, it is necessary to 

implement the model optimization and timely update the scorecard model. 

6. Future prospects 

It is worth noting that logical regression is explainable but relies on the reliability of the dataset and 

is affected by abnormal values. It should be noted that the dataset used for the logistic regression to 

establish a scorecard model is a "small sample". The "small sample" is relative to the "large sample". 

The "large sample" does not have statistical characteristics in real life. For example, a crime survey 

shows that the crime rate calculated by taking 2,000 samples in one region is often higher than 

200,000, which may be due to the fact that there are still many good people in the world. And the 

logical regression process is cumbersome, and the data processing is demanding, so machine language 

modeling, such as XGBoost and LightGBM, is proposed. The emergence of machine language greatly 

improves the efficiency of modeling and reduces complicated data processing processes. The latter 

part of this article focuses on learning machine language programming and combining it with logical 

regression to solve the "black box problem".  

7. Conclusion 

This paper demonstrates the validity of the logistic regression establishment of credit cards by 

specifically describing the process of building credit cards using the Logistic regressive model and 

by example verification. But there are still disadvantages: the modeling process is cumbersome, 

requires data pre-processing and partitioning operations, and data sensitivity is high, i.e., when an 

anomaly exists, the model cannot be identified and eliminated, but instead results in errors in the 

score. And a lot of information is inevitably lost after a series of data processing. Therefore, when 

using logical regression modeling, banks need to focus on monitoring the data source and extracting 

valid characteristics from a large amount of data. 
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