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Abstract 

In order to improve the accuracy, stability and diversity of the personal credit evaluation 
model and reduce the instability of the single model, this paper proposes a credit 
evaluation model for the multi-model combination algorithm. Weighted voting 
combinations were performed on three stable classifiers, random forest, LightGBM and 
support vector machine. In the feature extraction, an improved feature extraction 
method is adopted. Firstly, according to Fisher's ratio, the importance degree of personal 
credit data features is analyzed, and their features are partitioned according to their 
different values. In the training model, the improved grid search algorithm is used to 
optimize the parameters of the model to improve the optimization speed and efficiency. 
The experimental results show that the performance of LightGBM model is better than 
that of random forest and support vector machine. The accuracy of the model is higher 
and the resolution is stronger. The comprehensive performance of the combined model 
is better than three single models, which can be applied to the field of personal credit 
evaluation. 
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1. INTRODUCTION 

In recent years, with the advent of the era of big data, the Internet financial industry has risen 
rapidly. P2P online lending platforms, micro-credit, consumer loans and other online lending 
businesses have sprung up. As a key technical issue in the financial field, personal credit 
evaluation has received extensive attention in recent years [1]. In order to make the sustainable 
development of Internet finance, an emerging industry, scientific and rational use of data 
mining technology to do personal credit assessment is the key. Personal credit evaluation is 
usually based on the machine learning model, based on the credit information and personal 
data of the creditor. The selection and use of the model should be studied to solve key technical 
problems. 

Traditional personal credit evaluation models usually use a single classification algorithm for 
risk prediction. However, due to the diversification of the Internet, with the increasing amount 
of data and the diversification of data, traditional classification algorithms have been difficult to 
meet the existing data. Processing and solving practical problems [2]. In recent years, the 
combined model approach has been considered the most influential development in data 
mining and machine learning. The personal credit evaluation model based on the combined 
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model algorithm provides a good idea for the risk control of Internet credit institutions. The 
combined model refers to the combination of multiple models through certain methods, making 
full use of the classification results of a single model, so as to improve the accuracy of model 
prediction [3]. In the literature [4], the author proposes a combined model based on neural 
network and wavelet theory. The combined model was compared with four other single models 
(TS fuzzy neural network, BP neural network, Elman neural network and RBF neural network). 
The wavelet neural network combination model can effectively reduce the prediction bias and 
has higher prediction accuracy. In the literature [5], a multi-model aggregation method based 
on Lasso, support vector regression, random forest and gradient advancing decision tree is 
proposed for the multi-point prediction of earth pressure in EPB shield. Use Leave-One-Out to 
verify predictive performance. The Lasso, Random Forest and Gradient Boosting decision tree 
models provide feature importance. Experimental results show that the performance of multi-
model sets is better than single models. In the literature [6], the authors use Logistic regression, 
Probit regression, Bayesian classifier and holding vector machine to combine. Firstly, the 
common models of personal credit scoring models are summarized and summarized, and then 
the accuracy of different models is illustrated by analysis and comparison. In the "bad sample" 
distinction and the result judgment using weighting method, a correction algorithm is proposed 
to determine the index weight in the credit scoring model, to meet the needs of different bank 
data diversification, and improve the accuracy of the scoring model. In the literature [7], the 
authors use Logistic regression and BP neural network algorithm. And the two methods are 
improved respectively. The personal credit evaluation model based on BP-Logistic hybrid 
strategy is constructed by using Clementine tool. 

Using neural network and Bayesian classifier algorithm for model combination, it is mainly 
used in the field of credit risk assessment to face the following two problems: 

(1) The interpretability of the model is relatively poor, and it is difficult for people to find 
credit decision rules from the model. In the personal credit assessment, not only the accuracy 
of the credit risk of the loan customer is required to be high, but also the funder needs to be able 
to understand the credit decision rules. The interpretability of neural networks is poor and does 
not reflect the importance of different variables. Moreover, compared with other statistical 
models, the stability of neural networks is relatively poor, and there are serious limitations in 
the field of credit scoring [8]. 

(2) The calculation speed of the model is poor and takes a long time. Banks and online lending 
platforms have huge customers every day, not only need higher accuracy but also need faster 
computing models to support the business. 

(3) The Bayesian classifier needs to know the prior probability, and the prior probability 
often depends on the hypothesis. The a priori and the data determine the posterior probability 
to determine the classification, so the classification effect is sometimes not ideal [9]. Moreover, 
Bayesian classifiers are sensitive to the form of input data. 

After the above analysis, it can be seen that a plurality of single models can achieve better 
results by combining certain methods, but two problems need to be paid attention to when 
selecting the model: the interpretability of the model and the operation speed of the model. In 
order to make the credit evaluation model meet the fast calculation speed under the premise of 
ensuring the accuracy, the relatively good requirements can be explained. In this paper, the 
three algorithms of random forest, LightGBM and support vector machine are combined to 
obtain a personal credit evaluation combination model. 

 

 

 



World Scientific Research Journal                                                      Volume 5 Issue 11, 2019 

ISSN: 2472-3703                                                       DOI: 10.6911/WSRJ.201911_5(11).0018 

131 

2. MULTI-MODEL COMBINATION METHOD 

2.1. Voting Strategy 

Voting strategy is the voting method, which is the simplest and most practical method in the 
model fusion method. Its main idea is to adopt the principle of minority obeying majority. In the 
multi-model combination scheme, each single model analyzes the training set to generate 
classification results, and directly votes the classification results of multiple single models 
according to the voting principle. The most common category of the total number of votes is the 
final output of the combined model [10]. 

2.2. Stacking Strategy 

The Stacking strategy is a hierarchically integrated model framework in which the base 
classifiers can be heterogeneous or homogenous. For example, the random forest algorithm is 
a new algorithm integrated by many decision trees. Stacking usually adopts a two-layer 
framework structure, as shown in Figure 1. Its execution steps are as follows: first, stacking 
trains the base classifier from the initial data set, and then "generates" a new data set for 
training the meta-learner. Finally, the output of the meta-learner is the final output of the 
combined model [11]. 

Among them, the output of the base classifier in the new data set is taken as a sample input 
feature, and the mark of the initial sample is still treated as a sample mark [12]. In the training 
phase, the training set of the meta-learner is generated by the base classifier. If the training set 
of the base classifier is used directly to generate the meta-learner training set, the over-fitting 
risk will be relatively large, so generally by using the crossover A method of verifying or leaving 
a method to generate a sample of a meta-learner using a sample that is not used in the training-
based classifier [13]. 

 

Figure 1. Stacking strategy 

2.3. Blending Strategy 

Blending is similar to Stacking, except that blending differs in that it does not use cross-
validation methods to obtain predictive values to generate features of the second layer model, 
but instead uses different data sets to train different base learners. Taking a two-layer 
framework as an example, the specific training steps are as follows: First, the data is divided 
into two parts: training set train and test set test, and the training set train is divided into S1 
and S2. After S1, multiple models are trained with S1 in the first layer, and the prediction results 
of S2 and test are taken as new features of the second layer. In the second layer, a new model is 
trained with the new features and tags of S2, and then the new feature of test is entered as the 
final test set. Finally, the predicted result for test is the value of the final model fusion [14]. 



World Scientific Research Journal                                                      Volume 5 Issue 11, 2019 

ISSN: 2472-3703                                                       DOI: 10.6911/WSRJ.201911_5(11).0018 

132 

3. EVALUATION MODEL SELECTION SCHEME 

There are two main ideas for the specific selection method of the model: 

(1) The single model used belongs to the same type and is homogeneous. For example, the 
random forest algorithm is constructed by a number of decision trees through a certain method 
to construct a random forest algorithm. 

(2) The single model used is of a different type and is heterogeneous. For example, when 
solving the classification problem, the same data set is used to combine the different 
classification algorithms such as XGBoost algorithm, Naive Bayes algorithm and decision tree to 
obtain the final classification model. There are two basic points to be met when using a 
heterogeneous model: first, the performance of each single model cannot be too different; 
second, the similarity between each single model is as small as possible. 

In this paper, we use the second method, which uses a heterogeneous model to combine, 
using three algorithms: random forest, LightGBM and support vector machine. Random forest 
and LightGBM belong to the integrated decision tree algorithm, but random forest belongs to 
Baging type algorithm, mainly focusing on reducing the problem of variance. LightGBM belongs 
to Boosting type algorithm, mainly focusing on reducing the problem of deviation. Support 
vector machines are not part of the integration algorithm, and mainly focus on the problem of 
structural risk minimization. It can be seen that the correlation between the three algorithms is 
small, and the diversity of the combined model can be increased, and the classification 
performance of the model is also relatively close, which meets the requirements of the 
combined model. 

3.1. Random Forest Model 

L. Breiman proposed the Random Forest Algorithm in 2001, which is an improved Bagging 
algorithm based on the Bootstrap method [15]. The random forest algorithm uses the Bootstrap 
repetitive sampling technique to randomly extract m subclass samples randomly in the training 
data set M to form a new training data set W, and then adopt m subclass samples in the new 
training set W. Generate m decision trees, and finally get the final result of the random forest 
algorithm by simple voting method. The random forest effectively improves the classification 
accuracy on the basis of solving the problem that the single decision tree is prone to over-fitting. 

3.2. LightGBM Model 

LightGBM (Light Gradient Boosting Machine) is an open source, fast and efficient decision 
tree algorithm based enhancement (GBDT, GBRT, GBM and MART) framework published by 
Microsoft Research Asia on GitHub in January 2017 [16]. XGBoost has proven to be a very 
efficient and popular classification algorithm in various application scenarios and major 
competitions, but LightGBM is a more accurate and efficient new algorithm, which reduces the 
memory footprint under the premise of ensuring accuracy. About 3 times faster than XGBoost. 
By introducing this fast, accurate and efficient algorithm in the combined model in order to 
obtain a better personal credit evaluation model. 

LightGBM is a decision tree algorithm based on Histogram, which uses the optimal leaf-
learning learning method. However, other lifting algorithm split trees usually do not use this 
method, but adopt a layer-by-layer learning method. Level-wise Learning). 

(1) Level-wise Learning can process the same layer of leaves at the same time, so multi-thread 
optimization can be realized, and the complexity of the model can be well controlled, and it is 
not easy to over-fitting. But in fact, because many leaves have low split gain, there is no need to 
search and split, and Level-wise splits the leaves of the same layer without distinction, which 
increases the unnecessary computational cost. 
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(2) Leaf-wise learning is to find the split with the largest split gain from all the current leaves, 
and then repeat the steps. Therefore, Leaf-wise can reduce more errors when the number of 
splits is the same, which is a more efficient strategy. But there is also an obvious disadvantage: 
the decision tree it generates may be too deep and over-fitting. Therefore, LightGBM adds a 
maximum depth limit above Leaf-wise, which prevents high-efficiency while preventing over-
fitting, making the algorithm faster and more efficient, so it has higher precision, and supports 
parallel learning. Running memory. Any other existing lifting algorithms are difficult to achieve. 

3.3. Support Vector Machine Model 

Support Vector Machine is a machine learning algorithm based on statistical learning theory 
proposed by Vapnik in the mid-1990s [17, 18]. Support vector machine is different from 
traditional learning method. It is a structural risk. An approximate implementation of the 
minimization method. Support vector machines can select a portion of a large amount of 
training data for model building and are generally not sensitive to dimensions. It can better 
solve problems such as nonlinearity, high dimensionality, and local minimum points. 

Suppose the training data set is S={xi, yi}(i=1,2,3, ,m), xi∈Rn, yi ∈{+1, -1}, where yi is the 
output. Considering xi as m sample points in n-dimensional space, in order to maximize the 
isolation boundary between the positive and negative examples, the support vector machine 
will establish a classification hyperplane as the decision surface. This hyperplane is expressed 
as: 
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Divide m samples into two categories and maximize the classification interval . Such a 

hyperplane is called the optimal classification plane, as shown in Figure 2 below. Among them, 
the classification hyperplane H1, H2 are respectively expressed as: 
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To maximize the classification interval, the problem can be equivalently converted to 

minimize . The problem of seeking the optimal classification hyperplane H is equivalent 

to solving the following minimization problem: 
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According to the optimization theory, the classification decision function under linear 
separable condition is solved. The Lagrange multiplier corresponding to each sample is 
represented by αi, the classification threshold is represented by b*, and the corresponding 
sample when αi is not zero is the support vector. Then the decision function is: 

 

                         (6) 

 

 
Figure 2. Optimal classification hyperplane 

 

When using support vector machine modeling, for the case of linear indivisibility, the kernel 
function is generally introduced to solve the problem. The choice of kernel function has a great 
influence on the final effect of the support vector machine model. By using the appropriate inner 
product kernel function, the nonlinear separable problem in low-dimensional input space can 
be transformed into a linear separable problem in high-dimensional feature space [19]. 

3.4.  Combined Model 

For machine learning and deep learning, the effect of using a single model is often not as good 
as the combination of models [20]. The multi-model combination method can improve the 
accuracy of the model while increasing the diversity of the algorithm and reducing the 
generalization error. The main combination methods are Voting, Stacking and Blending. 

After comparing the three model combination methods, this paper uses the most commonly 
used method in practice - Voting strategy. Using a fast and efficient weighted voting combination 
method, the three established models are tested directly on the test set data, and the predicted 
results are weighted. The better the performance of a single model, the higher the weight, and 
the formula for weighted voting is: 

 

                           (7) 

  

                              (8) 

 

Through the above weighted voting combination formula, the three different models selected 
in this paper are combined, and the personal credit data is analyzed to achieve the purpose of 
improving the accuracy of the evaluation model. 
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4. EXPERIMENTAL ANALYSIS 

All the experiments in this paper are run on a computer with 2 CPU Cores i5-5350U, 1.80 GHz, 
and 8 Gbytes of memory. The code is built using the program toolkit such as Scikitlearn in 
Python 3.5. This paper uses the open real data of the world's largest P2P platform "Lending 
Club" to conduct experiments, including more than 6,000 data, 1237 features, through the 
model to find the bad debt rate of about 13%, and the importance of different characteristics 
for the model, such as Figure 3 shows. 

In order to ensure the practical application of the model, this paper mainly uses the accuracy 
of the model, the AUC (Area under the Curve of ROC) value and F1 to evaluate the model. 
Accuracy is the ratio of the number of correctly predicted samples to the total number of 
samples [21]. The AUC value is the area under the ROC (receiver operating characteristic curve) 
curve. The ROC curve is usually used to describe the resolving power of the model. It is based 
on the true ratio of the ordinate and the false positive rate plotted on the abscissa. The AUC 
value is used because it can better and more intuitively reflect the results expressed by the ROC 
curve. The higher the prediction accuracy of the model, the larger the AUC value [22]. The F1 
score is an index used to measure the accuracy of the two-category model in statistics. The value 
range [0~1], taking into account the accuracy and recall rate of the classification model, is a 
kind of model accuracy and recall rate. Weighted average [23]. 

 

 
Figure 3. Order of importance 

4.1. Improvement of Feature Selection Method 

In feature extraction, in order to improve the diversity of feature subspace, reduce the 
correlation between decision trees, improve the over-fitting phenomenon and make the 
generalization error as small as possible, improve the completely random sampling method, 
using partition sampling method. 
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After the improved random forest algorithm performs feature selection, firstly, the sample is 
sub-categorized on the basis of the original classification, assuming e is the number of sub-
classes; then Fisher is used to analyze and verify the importance of the feature. The method of 
comparison. Suppose the data set has a total of m samples, belonging to M categories: the set of 
the ω class, using mω to represent the number of samples, using μc to represent the mean of 
the c-dimensional features in all samples, and μωc to represent the first in the ω class. The mean 
of the c-dimensional features, σ2𝜔c is used to represent the variance of the c-th dimension 
feature in the ω class. Therefore, the calculation method of the variance between classes is as 
follows: 

 

                            (9) 

 

The intraclass variance can be expressed as: 
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Then the Fisher ratio can be expressed as: 
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According to the Fisher comparison, the important feature sets F1, F2, ⋯, Fe of each subclass 
are calculated, and then the shared feature Fshare, the unimportant feature Fleft, and the 
private features of each subclass F1, F2, ⋯, Fe are obtained through the set operation. . 

Common features can be expressed as: 

 

                           (12) 

 

Unimportant features can be expressed as: 
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The private characteristics of each subclass can be expressed as: 
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4.2. Grid Search Optimization Parameters 

Grid search algorithms are often used to optimize model parameters, but for models with 
many parameters and a large range of values, using grid search can be time consuming. In order 
to improve efficiency and ensure optimization, this paper proposes an improved grid search 
algorithm. 

In order to save training time, a method of large-scale optimization and small-scale solution 
is proposed. First, use a longer spacing to divide a sparse grid over a larger range, and perform 
a large-scale optimization pre-search in the first step to find the range of areas where the best 
advantage lies; then use a shorter spacing. Divide the fine mesh in the region where the most 
advantageous is located, perform the small-scale solution in the second step, and search for the 
optimal solution again. Repeat the above steps until the target function variation or grid spacing 
is less than the given value. 

Under the premise of ensuring the performance of the random forest algorithm is improved, 
the accuracy of each decision tree and the diversity of the tree should also be considered [24]. 
In this paper, when using the improved grid search algorithm to find the optimal parameters for 
random forests, the out-of-bag score is the generalization ability of the model as the objective 
function value. The specific steps to improve the grid search method are as follows: 

(1) Determine the parameters that need to be optimized, the corresponding parameters are 
the points on the grid, and set a longer grid spacing to divide the grid; 

(2) Traversing each set of parameters on the grid once, using the out-of-bag data scores in 
the random forest algorithm to evaluate the classification error, and performing preliminary 
large-scale optimization; 

(3) Select a group of data with the highest score outside the bag, that is, the smallest error, 
and continue to shorten the grid spacing for parameter optimization. If the out-of-bag score or 
grid spacing meets the requirements, the result is output, otherwise the above steps are 
repeated. 

4.3. Random Forest Modeling 

When using random forest algorithm modeling, using improved feature extraction method 
and partition sampling according to the importance degree of features, the diversity of feature 
subspace can be improved, and the correlation between base classifiers can be effectively 
reduced. The voting method of the traditional random forest algorithm is slightly simple. In 
order to enhance the practicability of the voting method, improve the accuracy of the random 
forest algorithm, improve the voting method of the random forest algorithm, and introduce a 
weighted integrated voting method to increase the classification performance. The weight of a 
good decision tree increases its "discourse power", which makes the voting method more 
reasonable. Express the weight of each decision tree as follows: 

Among them: the probability that classifier Ti divides sample X into class l is represented by 
Pil, the number of categories is represented by c, and the number of split subsets is represented 
by l, then the weight is: 
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                        (16) 

 

In the modeling of parameter tuning, the improved grid search algorithm is used to quickly 
and efficiently coordinate the parameters. Taking the maximum depth md of the decision tree 
and the minimum number of samples mn required by the internal nodes to be used as an 
example, the improved grid search algorithm is used to optimize the random forest parameters. 
First, when the preliminary search for large-pitch is performed, the value range of the maximum 
depth md of the decision tree is determined as 1<md<30, and the grid spacing is set to 5; the 
range of values of the minimum number of samples required for internal node subdivision is 
determined. For 10<mn<201, the grid spacing is set to 50. The search results are shown in 
Figure 4: 

 

 
Figure 4. Optimization of large spacing parameters 

 

It can be seen from the above figure that the preliminary search result is optimally the 
maximum depth of 16, and the minimum number of samples is 10. When the maximum depth 
of the decision tree is md =16, and the internal node divides the minimum number of samples 
required by mn =10, the extra-bag score at this time is calculated to be 0.788, which increases 
proportionally, so the mesh is subdivided at a small pitch and the decision is made. The 
maximum depth md of the tree is determined to be 10<md<20, and the grid spacing is set to 2; 
the range of the minimum number of samples required for internal node subdivision is 
determined as 5<mn<20, and the grid spacing is set. Set to 2. The search results are shown in 
Figure 5: 
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Figure 5. Small pitch parameter optimization 

 

The search result of the subdivision mesh is that the maximum depth of the decision tree is 
md =16, and when the internal node is further divided into the minimum number of samples 
mn = 5, the extra-bag score at this time is calculated to be 0.862, which has become stable. 
Therefore, the values of md and mn can be preliminarily determined. In addition, other 
parameters of other models in this paper are also determined by the improved grid search 
algorithm, and the target points are determined by large-scale search. Finally, the classification 
results of the random forest model are: the accuracy rate is 93%, the F1 score is 0.79, the AUC 
value is 0.92, and the ROC curve is shown in Fig. 6. 

 
Figure 6. Random forest ROC curve 
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4.4. LightGBM Modeling 

When modeling with the LightGBM algorithm, because the algorithm performs very well in 
all aspects, there is no need to make excessive improvements. When processing data, the 
improved feature extraction method is used for partition sampling. Because the algorithm has 
many parameters similar to the random forest algorithm, but the overall robustness is better, 
so only the improved grid search algorithm is needed, and the parameters of the LightGBM 
model are optimized by the method of random forest tuning mentioned above. 

Finally, the classification results of the LightGBM model are: accuracy rate of 95%, F1 score 
of 0.81, AUC value of 0.94, ROC curve diagram shown in Figure 7. The model performs better 
than random forests. 

 
Figure 7. LightGBM ROC curve 

4.5. Support Vector Machine Modeling 

In the modeling using the support vector machine algorithm, in order to make the model have 
better classification ability, Gaussian kernel function (also called radial basis and function or 
RBF kernel) is used as the inner product kernel function of the support vector machine. 

 

                       (17) 

 

Compared with other functions, it has the following advantages: the RBF kernel function can 
map a sample to a higher-dimensional space, and the linear kernel function is a special case of 
RBF, that is, if RBF is considered, there is no need to consider linear kernel. Function; compared 
with polynomial kernel function, RBF needs to determine fewer parameters, the number of 
kernel function parameters directly affect the complexity of the function; when the order of 
polynomial is higher, the element value of the kernel matrix will tend to infinity or infinity Using 
RBF will reduce the computational difficulty of numerical values [25]. 

In the modeling of parameter tuning, an improved grid search algorithm is used to select the 
optimal parameters and penalty factor C of the Gaussian kernel function. Finally, the 
classification results of the support vector machine model are as follows: the accuracy is 91%, 
the F1 score is 0.76, the AUC value is 0.89, and the ROC curve is shown in Fig. 8. The performance 
of the model is not as good as the random forest. 

 
2

2
, exp

2

i j

i j

x x
k x x



 
   

 



World Scientific Research Journal                                                      Volume 5 Issue 11, 2019 

ISSN: 2472-3703                                                       DOI: 10.6911/WSRJ.201911_5(11).0018 

141 

 
Figure 8. SVM ROC curve 

4.6. Model fusion results 

The final classification results of three different models of random forest, LightGBM and 
support vector machine are combined by the weighted voting combination formula above. The 
experimental results are shown in Table 1. Using grid optimization, the optimal weight ratio of 
the three models of random forest, LightGBM and support vector machine is 1:1:8. Finally, the 
accuracy of the combined model is 95%, the F1 score is 0.84, the AUC value is 0.96, and the ROC 
curve is shown in Figure 9. 

Table 1. Experimental results 

Mode Accuracy F1 score AUC 
RF 93% 0.79 0.92 

LightGBM 95% 0.81 0.94 
SVM 91% 0.76 0.89 

Combined model 95% 0.84 0.96 

 

 
Figure 9. Combined model ROC curve 

 

As shown in Figure 10, the dotted line represents the combined model, the solid line 
represents LightGBM, the dashed line represents random forest, and the dotted line represents 
SVM. Comparing the ROC curve and the AUC (area under the curve) values of the combined 
model and the three single models, the ROC curve of the combined model is significantly higher 



World Scientific Research Journal                                                      Volume 5 Issue 11, 2019 

ISSN: 2472-3703                                                       DOI: 10.6911/WSRJ.201911_5(11).0018 

142 

than the other three single models, and the AUC value is larger, indicating that the classification 
model has better classification performance. 

 
Figure 10. ROC curve comparison chart 

 

In order to increase the contrast, the AdaBoost and XGBoost algorithms were introduced. The 
experimental results are shown in Table 2, and the ROC curve comparison chart is shown in Fig. 
11. The solid line represents the combined model, the dotted line represents XGBoost, and the 
dotted line represents AdaBoost. By comparing experimental data and graphs, it can be seen 
that the combined model has better performance in all aspects. 

 
Table 2. Experimental results 

Mode Accuracy F1 score AUC 
Combined model 95% 0.84 0.96 

XGBoost 87% 0.68 0.82 
Adaboost 84% 0.62 0.72 

 

 
Figure 11. ROC curve comparison chart 

5. CONCLUSION 

The high efficiency and stability of the multi-model combination method in solving the 
classification problem make many fields achieve better results after introducing the combined 
model method. Personal credit assessment is a key technical issue in the financial field. This 
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paper uses the combined model approach to achieve better results in the field of personal credit 
assessment, mainly due to the following improvements: 

(1) By combining three single models, the credit evaluation model of multi-model 
combination has better stability and diversity, and the comprehensive performance of model 
performance is better. 

(2) In the feature selection, Fisher's comparison is introduced to quantify and analyze the 
importance of features, which improves the diversity of feature subspace, overcomes the 
disadvantages of completely random sampling of features in credit evaluation, and reduces the 
relationship between decision trees. Correlation. 

(3) The grid search algorithm is improved, which saves a lot of time required to traverse all 
grid points, and improves the efficiency of grid search algorithm optimization model 
parameters. 

The multi-model combination credit evaluation method has been applied to the field of 
personal credit assessment to obtain better results, which provides a feasible reference for 
credit evaluation. 
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