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ABSTRACT 

For the government, it is very important to obtain the 

operation status of enterprises for the formulation of 

relevant policies. Traditional enterprise evaluation 

mainly relies on the analysis and research of 

enterprise's financial and loan records. This 

evaluation method is undoubtedly more objective and 

reasonable. But for small and medium-sized 

enterprises, we can’t get real financial information 

and open credit information, which makes the 

traditional evaluation methods have no way to start. 

Therefore, the main research content of this paper is 

how to use weak variables to objectively and 

impartially evaluate the business situation of 

enterprises in the absence of strong variables. In this 

paper, a classified forecasting model will be 

established based on a large number of open basic and 

behavioral data of enterprises. In the experiment, all 

kinds of publicly collected data from 15,000 

enterprises in China were used as raw data, and the 

classification prediction model was constructed by 

using gradient enhanced decision tree (GBDT) after 

deep data mining using large data analysis method. In 

order to verify the accuracy of the prediction, we 

introduced Area Under Curve (AUC) score. The 

experimental results show that the best AUC is 0.69 

and the accurate AUC is 69%. It demonstrates the 

proposed data processing method and prediction 

model are more effective compared with other models. 

This method and model can be used to predict the risk 

of enterprise exit. 

Keywords: Risk Prediction; Data Processing; 

prediction model; Enterprise Exit 

 

1. INTRODUCTION 

Risk describes an objective situation in which 

opportunities and traps coexist [1]. It is an inevitable 

result deduced from the uncertainty of things and the 

bounded rationality of human beings. The risks faced 

by enterprises can be divided into market risks and 

company-specific risks. For a single enterprise, market 

risk is related to the external system environment and 

belongs to uncontrollable risk. The company's unique 

risk, caused by the internal management of the 

enterprise, is a dispersible risk. The existence of risk 

means the uncertainty of enterprise income and even 

the possibility of business failure. Therefore, it is of 

great significance to study the risk prediction of 

business exit. 

Traditional enterprise evaluation is mainly based on 

financial information, loan record information, etc. to 

judge the operation status of enterprises, and credit 

information such as the possibility of breach of 

contract. For large and medium-sized enterprises with 

sound finance and record in traditional bank lending 

field, this evaluation method is undoubtedly more 

objective and reasonable. However, for a larger 

number of small and medium-sized enterprises, neither 

the real financial information nor the open credit 

information of these enterprises can be obtained 

publicly. In the absence of strong variables, how to use 

weak variables to objectively and impartially evaluate 

the business status of enterprises is the main problem 

that the system needs to solve. 

In this paper, we extract the behavior footprint 

information left by some enterprises in more than 20 

million enterprises in China in many aspects, then 

construct training data set around the behavior 

footprint information left by the main body of the 

enterprise through data mining technology and 

machine learning algorithm, and then construct a 

prediction model for whether the enterprise will 

operate poorly in the future, in order to find out 

whether the enterprise will cause it in the next two 

years or not. As a target variable, poor management 

exit from the market is predicted, and eventually the 
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probability value of enterprise exit from the market 

and the judgment of whether the enterprise will exit 

within two years are exported. 

This paper mainly has two contributions: First, we 

proposed a method of data processing for enterprises 

Exit. This method can make these data become 

uniform data sets and it’s more suitable for machine 

learning. Second, based on the processed data sets, a 

risk prediction model is proposed to predict if the 

enterprise will fail. The predicting results can provide 

references for the government to formulate supporting 

policies.  

The rest of the paper is organized as follows: Sect.2 

introduces research on topics similar to this paper and 

detail the theoretical knowledge of the research 

methods. Section 3 presents the detailed process of the 

experiment. Sect.4 presents the analysis and 

conclusion of the result of the experiment. The five 

sections present the shortcomings of the experiment 

and propose some suggestions for the improvement.  

2. RELATED WORKS 

2.1 Research Status of Analysis of 

Business Conditions of Enterprises 

At present, the popular method of analyzing the 

business situation of enterprises is to use ratio method 

to calculate the actual data of financial statements, and 

compare it with the past performance or the standard 

statistical data of the same industry, and finally judge 

its conclusion. This is mainly based on statistical 

analysis and the experience of relevant practitioners, 

and the premise is to obtain the financial statements of 

relevant companies, which is difficult to achieve for 

some non-listed companies, because their financial 

statements may not be available. There is still a lot of 

research space to explore in the analysis of the 

business situation of non-listed companies in the new 

era of information. 

2.2 Feature Engineering 

Feature engineering is an engineering activity that 

maximizes the extraction of features from raw data for 

use by algorithms and models [2]. Feature processing 

is the core part of feature engineering, including data 

preprocessing, feature selection, dimensionality 

reduction, and so on. In this project, we will use the 

sklearn library in Python to implement a series of 

operations on feature engineering. 

2.3 Principal Component Analysis (PCA) 

Principal component analysis (PCA) is a method for 

dimension reduction of features. It replaces the original 

features with a concise number of new features [3]. 

These new features are linear combinations of original 

features. It combinations maximize sample variance 

and try to make the new features uncorrelated. This 

makes it easy to study and analyze the influence of 

each feature on the model, and effectively reduce the 

complexity of models and increase the speed of the 

training model. 

2.4 Gradient Boosting Decision Tree 

GBDT (Gradient Boosting Decision Tree) is an 

iterative decision tree algorithm consisting of multiple 

decision trees [4]. All trees vote for the final result. It 

is recognized as one of algorithms with strong 

generalization. The idea of GBDT can be explained by 

a simple example. If a person is 30 years old, we first 

use 20 years old to fit and find that the loss is 10 years 

old. Then, we use 6 years old to fit the remaining 

losses and find the gap is 4 years old. In the third 

round, we used 3 years old to fit the remaining gap and 

find the gap is only one year old. If the number of 

iterations is not yet complete, we can continue to 

iterate below. For each iteration, the age error of the fit 

will decrease. The specific steps of the algorithm are as 

follows. 

 

Fig. 1: Process of Gradient Boosting Decision Tree 

In this project, on the one hand, the algorithm is used 

to calculate the ranking of feature importance when 

crossing features, and on the other hand, the algorithm 

is used to transform features when building 

classification prediction models. 

2.5 Genetic Algorithm 

Genetic algorithm is a computational model that 

simulates the natural evolution of Darwin's biological 

evolution theory and the biological evolution process 

of genetic mechanism [5]. It is a method to search for 

optimal solutions by simulating natural evolutionary 

processes. In machine learning applications, the 

algorithm automatically selects the most appropriate 

model and parameters based on the input training data 

and tags, just like evolution. The steps of the algorithm 

are as follows. 

 

Fig. 2: Process of Genetic Algorithm 
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In this project, we use genetic algorithms to 

automatically select the algorithm that best fits this 

training set. We want to prove that model training can 

be finished and get good scores even without any 

machine learning foundation. We hope that we can 

promote the algorithm to make more effort on data 

analysis processing. 

3. RESEARCH AND DESIGN OF RISK 

FORECAST MODEL FOR BUSINESS 

CONDITIONS OF ENTERPRISES 

3.1 Introduction to The Experimental 

Process 

Based on the general process of machine learning 

training data, the experimental process of this paper is 

as follows. 

 

Fig. 3: Experimental Process 

1) Data preprocessing: Perform preliminary inspection 

of origin data to handle missing, error, and abnormal 

data. 

2) Feature reconstruction: Due to a mismatch between 

the original data and the predicted target, rebuild the 

training set based on the predicted target. 

3) Feature engineering: Further optimize the training 

set generated by feature reconstruction and deeply 

mine more features that are beneficial to the training 

model. 

4) Model training: The training set generated by the 

first few steps is input into a preset machine learning 

model, and the area under curve (AUC) of the output 

result is used as a measurement standard for selecting 

the optimal parameter. 

5) Analysis and outlook: Analyze the results obtained 

from model training and draw conclusions. 

3.2 Introduction of the Origin Data 

The data set used in this project is part of the enterprise 

data registered on the China National Enterprise Credit 

Information Publicity System and its related behavior 

data. The most important feature of this data is that it 

can be queried publicly without using internal behavior 

data. So one of the key points of this research is how to 

use weak features to construct machine learning 

prediction model. The original data structure used in 

this project is shown in Table 1 to Table 10. 

Table 1. Labels data 

Name Type Description Example 

EID varchar2(50) Unique Identity of 

Enterprise 

1631 

TARGET varchar2(2) 
1 shutdown, 0 

normal 
1 

Table 2. Enterprise Basic Information Data 

Name Type Description Example 

EID varchar2(50) Unique Identity of 

Enterprise 

1631 

RGYEAR varchar2(4) Year of 

establishment 

2004 

HY varchar2(8) Industry 87 

ZCZB number registered capital 100 

ETYPE varchar2(8) Types of 

enterprises 

7 

MPNUM number Identity indicators 

(Empty means 

zero) 

1 

INUM number Identity indicators 

(Empty means 

zero) 

3 

FINZB number Identity indicators 

(Empty means 

zero) 

 

FSTINU

M 

number Identity indicators 

(Empty means 

zero) 

2 

TZINUM number Identity indicators 

(Empty means 

zero) 

 

Table 3. Enterprise Change Data 

Name Type Description Example 

EID varchar2

(50) 

Unique Identity of 

Enterprise 

1631 

ALTERNO varchar2

(50) 

Change item code 12 

ALTDATE date Change time 2015/2/1 

ALTBE varchar2

(4000) 

Before change 07 

ALTAF varchar2

(4000) 

After change 27 

Table 4. Enterprise Branch Data 

Name Type Description Example 

EID varchar2

(50) 

Unique Identity of 

Enterprise 

1631 

TYPECODE varchar2

(50) 

Branch Unique 

Identification 

br120022 

IFHOME varchar2

(50) 

Is the Branch in the 

same province? 

1 YES,0 NO 

1 

B_REYEAR date Year of Branch 

Establishment 

2008 
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B_ENDYEA

R 

date Branch closure year 

(Empty means still 

operating)  

 

Table 5. Enterprise Investments Data 

Name Type Description 
Exampl

e 

EID varchar2

(50) 

Unique Identity of 

Enterprise 

1631 

BTEID varchar2

(50) 

Invested enterprise 

identification(shared with 

EID) 

7899 

IFHOME varchar2

(50) 

Is the invested enterprise 

in the same province?1 

YES,0 NO 

1 

BTBL number Shareholding ratio 0.2 

BTYEAR varchar2

(50) 

The year of establishment 

of the invested enterprise 

2006 

BTENDY

EAR 

varchar2

(50) 

The year in which the 

invested enterprise ceases 

to operate 

(Empty means still 

operating)  

 

Table 6. Enterprise rights Data 

Name Type Description Example 

EID varchar2

(50) 

Unique Identity of 

Enterprise 

1631 

RIGHTT

YPE 

varchar2

(50) Types of rights 20 

TYPECO

DE 

varchar2

(100) Right identification pno13889 

ASKDAT

E 

date 

Date of application 2010/11/1 

FBDATE date Date of given(Empty 

means not yet granted) 

 

Table 7. Enterprise Project Data 

Name Type Description Example 

EID varchar2

(50) 

Unique Identity 

of Enterprise 

1631 

TYPECODE 
varchar2

(100) 

Project 

identification 5523256 

DJDATE date Winning date 2015/7/1 

IFHOME varchar2

(50) 

Is the project site 

the enterprise 

registration 

site?1 YES,0 NO 

1 

Table 8. Enterprise Executed Data 

Name Type Description Example 

EID varchar2 Unique Identity 1631 

(50) of Enterprise 

TYPECODE 
varchar2

(100) 

Law 

identification 104115771 

LAWDATE date Date of issue 2015/7/1 

LAWAMOU

NT 

number Money 2700 

Table 9. Enterprise Dishonesty Data 

Name Type Description Example 

EID varchar2

(50) 

Unique Identity 

of Enterprise 

1631 

TYPECODE 
varchar2

(100) 

Dishonest 

identification 1270862 

FBDATE 
date 

Date of 

dishonesty 2015/3/1 

SXENDDAT

E 

date End date of 

dishonesty 

(Empty means 

not over) 

 

Table 10. Enterprise Recruitment Data 

Name Type Description Example 

EID varchar2

(50) 

Unique Identity 

of Enterprise 

1631 

WZCODE 
varchar2

(100) 

Recruitment 

website code ZP02 

RECRNUM 

number 

Number of 

recruited 

positions 8 

RECDATE date Date of last 

recruitment 

2015/8/1 

 

As those tables shows,the data in Tables 2 to 10 will be 

used as training data,Table 1 is the target data.Among 

them, about 11W data in Table 1.,Table 2 has about 

25W data,Table 3 is about 30W data,Table 4 is about 

11W data,Table 5 is about 5W data,Table 6 is about 

111W data,Table 7 is about 40W data,Table 8 is about 

2W data,Table 9 is about 0.2W data,Table 10 is about 

5W data.As those data account for 2G. 

3.3 Data Preprocessing 

After the analysis of the original data, we found that 

the basic information data of enterprises are one-to-one 

data, which is suitable for the base data of the model. 

The remaining eight data are all the behavior data of 

enterprises, and they are all one-to-many or zero data. 

Therefore, in this data preprocessing, we only deal 
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with the missing part of the basic information data of 

the enterprise, and the remaining part will be processed 

uniformly after feature reconstruction. 

Enterprise basic information data missing situation is 

as follows, two fields of data missing rate is too high, 

so we delete these two fields directly. For the 

remaining field with a missing rate of about 50%, fill 

in with 0. 

 

Fig. 4: Missing Rate of Enterprise Basic Information Data 

3.4 Feature Reconstruction 

As can be seen from the above tables, except for the 

basic information of the enterprise, the rest of the data 

are one-to-many, and our prediction is based on a 

single enterprise.. These multi-dimensional features 

cannot be used as input features of the prediction 

model. Therefore, it is necessary to perform a 

dimension reduction and reconstruction process on the 

original data through statistics, sampling, crossover, 

etc., so that the prediction model can be successfully 

constructed. 

There are many mutual investment behaviors between 

enterprises and their branches, so during the feature 

reconstruction, not only need comprehensive 

characteristics, but also need some sampling and 

crossing characteristics .The process of feature 

reconstruction is as follows. 

 

Fig. 5:Process of Feature Reconstruction 

3.5 Feature Engineering 

After feature reconstruction,we initially formed the 

training set required for the prediction model, and 

features that can use to build the model are 40 

dimensions. But as in the field of data mining, the data 

and features determine the upper limit of machine 

learning, and the models and algorithms just 

approximate this upper limit.Therefore,we still need to 

mine more and better features,so the Feature 

engineering is proposed. 

3.5.1 Data Cleaning 

Before feature engineering, we first need to check the 

training set generated after feature reconstruction. In 

this training set, there are still many problems such as 

missing and errors in the combined data. After 

discussing with data providers, the reasons for these 

data missing are mainly divided into two categories, 

one is that they are not recorded, the other is that they 

are lost.Therefore, for unrecorded data, we fill in it 

with “-999”.For missing data, we fill in it with “0”. 

In addition, there are many discrete data after feature 

reconstruction. In order to facilitate model training, we 

use one-hot to process all discrete data. 

3.5.2 Feature Crossing 

Feature crossing is a mathematical combination of two 

or more category attributes into one feature.This 

project takes the Grid Search method on the feature 

crossing,make the reconstructed 40 features with no 

missing values are multiplied by each other to obtain a 

total of 600 features.Then, put the 600 features into the 

GBDT algorithm model as a training set for sales 

forecasting model.The parameters of GBDT are as 

follows. 

After the training, use the method of ”get feature 

importance” to get the ranking of the importance of 

those features, and the top 100 are as follows. 

 

Fig. 6:Feature Importance of Cross-Features 

3.5.3 Feature Selection 

After the above processing, we have a total of about 

150 features. Although it enhances the persuasiveness 

and prediction accuracy of the classification prediction 

model, it also increases the time for model training, 

and too many features make the model too complex 
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and generalized, which is easy to cause dimensionality 

disaster. Therefore, in this project, we use 

PCA（ principal component analysis） to select the most 

effective features from the original features to reduce 

the dimension of data set. The parameters of PCA are 

as follows. 

After numerous experiments, the project got the 

highest score when reserve 90% features.So far, we 

have obtained a total of 135 features for model 

training. 

3.6 Model Training 

The classification model is built in two steps. First, the 

training data is input into the genetic algorithm to 

automatically select and iterate out the best 

classification prediction model suitable for the project. 

Secondly, the training set is input to the model of the 

first step output for training.The specific process is as 

follows. 

 

Fig. 7:Process of Genetic Algorithm 

The purpose of this is to try genetic algorithm, a 

method of streamlined machine learning.This 

algorithm does not require an in-depth understanding 

of complex algorithm principles, and can automatically 

select the best predictive model based on input data.It 

will provide new ideas for establishing machine 

learning prediction models.And in this paper, model 

selected by the genetic algorithm is the Gradient 

Boosting Decision Tree, So we use it to train the 

classification prediction model. 

4. ANALYSIS AND CONCLUSION  

4.1 Result of Prediction 

After a series of processing in Chapter 3, we generated 

the optimal training set used by the training model and 

selected the appropriate training model based on the 

characteristics of the training data.Through 

experiments,we found that feature engineering has 

greatly improved the model prediction results 

compared with different algorithms choices.We 

compared the scores and feature importance of the 

training sets that with or without feature engineering 

under each algorithm as follows.Also we used K-fold 

cross-validation in the experiment,and took AUC as 

the evaluation criteria.The predicted scores for training 

sets used under different algorithms and with or 

without feature engineering are shown as follows. 

Table 11. Scores of the training sets that with or without 

feature engineering under each algorithm 

Models 

AUC 

(without feature 

engineering) 

AUC 

(with feature 

engineering) 

LR 0.5164 0.5618 

RF 0.6234 0.6379 

SVR 0.6512 0.6617 

GBDT 0.6831 0.7101 

As can be seen from the table, firstly, the result has 

greatly improved under each algorithm when the 

training set is processed by feature engineering. 

Secondly, the two sets of algorithms finally adopted in 

this experiment have a certain improvement on the 

project compared with other classification prediction 

algorithms. These can prove the quality of the 

prediction. 

4.2 Conclusion 

As can be seen from the above table, both feature 

engineering and algorithm model selection have a 

certain improvement on classification prediction 

results. This proves that the project can effectively 

process data and predict status of enterprises.After 

summarizing, this paper mainly has the following 

contributions: 

1) According to the prediction target, the original data 

are interpreted in depth and processed appropriately. 

2) Further mining of data through feature engineering 

and get a great improvement in scores. 

3) Automatically select classification prediction 

models by genetic algorithm and obtain good scores, 

which provide new ideas for model selection. 

5. PROSPECT 

The desensitization data used in this study was 

provided by DataFountain. Therefore, we are unable to 

know the actual meaning of each field. I think it is very 

important for mining potential information. Second, 

we are unable to quantify the direct or indirect impact 

of government policies on the enterprise, so these 

factors are not included in the training model, it may 

be benefit to the model. In addition, in terms of 

algorithms, the prediction effect can be further 

improved by means of model fusion. It will take a lot 

of time and resources to find better algorithms or 
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fusion solutions. These outlooks are all issues that need 

to be considered in the future to explore such topics. 
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