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Abstract 
With the rapid growth of the international banking industry, bank failures can 
lead to severe economic losses and social impacts. Although existing measures 
to address such failures are well-developed, timely prediction can significantly 
mitigate these effects. This study analyzes key indicators influencing bank fail-
ure through data analysis and correlation analysis, then develops a neural net-
work-based risk prediction model to estimate failure probabilities. First, we ex-
tracted 64 indicators from the dataset, identified the most relevant indicators 
using the entropy weight method, and established a bank efficiency evaluation 
formula to determine the failure threshold. Next, we applied principal compo-
nent analysis (PCA) to reduce dimensionality and derive a comprehensive 
scoring formula. Based on these findings, we constructed a machine learning 
model in MATLAB to predict bank failures. Finally, the model was used to 
predict the failure probabilities of all banks and identify 20 representative 
existing and failed banks. The developed models effectively predict bank fail-
ure risks and demonstrate strong applicability across different scenarios. 
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1. Introduction 

The stability and efficiency of banking institutions are critical to maintaining fi-
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nancial market equilibrium and fostering economic development [1]. As financial 
systems become increasingly complex, the need for robust methods to analyze 
bank efficiency and predict potential risks has grown significantly. Understanding 
the operational health of financial institutions is essential for policymakers, inves-
tors, and regulators to mitigate financial crises and ensure sustainable economic 
growth [2]. 

In recent years, various methodologies have been developed to evaluate bank 
efficiency and predict financial risk. Traditional approaches, such as financial ra-
tio analysis and expert evaluations, often suffer from subjectivity and limited pre-
dictive power. In contrast, data-driven methods, including machine learning [3] 
and statistical modeling [4], offer more objective and accurate assessments. 
Among these, the entropy weight method (EWM) [5] and principal component 
analysis (PCA) [6] have gained prominence due to their ability to handle complex 
financial data and extract meaningful features. 

This paper proposes a two-stage framework for bank efficiency analysis and risk 
prediction. In the first stage, we employ the entropy weight method to construct 
an efficiency function using input-output indicators extracted from the Polish 
Companies Bankruptcy dataset. By computing efficiency scores, we effectively 
distinguish between operational and bankrupt banks. The efficiency evaluation 
graph illustrates a clear separation between these two groups, confirming the va-
lidity of our approach. 

In the second stage, we apply principal component analysis to reduce the di-
mensionality of the dataset while preserving critical information. The extracted 
principal components serve as inputs to a BP neural network, which is optimized 
using a genetic algorithm (GA) to enhance predictive accuracy. Our proposed 
model achieves an accuracy of 83% in predicting bank failures, demonstrating its 
potential as a reliable tool for financial risk assessment. 

2. Modeling of Bank Efficiency Analysis Based on  
Input-Output of Entropy Weight Approach 

First, we used Python for preprocessing to calculate the correlation among the 64 
indicators in the Polish Companies Bankruptcy dataset for the years 2017 and 
2021, as shown in Figure 1. 

The analysis results indicate that some indicators exhibit high correlation; 
however, certain indicators still contain missing values. To address this issue, we 
applied the mean imputation method, where the missing values were filled using 
the average of highly correlated indicators, thereby enhancing the completeness 
and usability of the data. Bank efficiency is an indicator to judge whether a bank 
is operating normally. The first question requires sorting out appropriate index 
input-output data from 64 indicators, selecting indicators that can measure bank 
efficiency, and providing the dividing line of bank failure. First, we standardize 
and normalize the existing data. Then the entropy weight method is used to assign 
the corresponding weights to the sorted indicators, and the efficiency function is 
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Figure 1. Heat maps related to the 64 indicators in the data for 2021 as well as for 2017. 

 
constructed with these weights. The efficiency function is used to evaluate the ef-
ficiency of all data samples, and finally a bank efficiency graph is obtained. Ac-
cording to the different class values, we can distinguish the bankrupt banks from 
the banks that are still in operation. 

According to the research of Wang Xinyang et al. [7], we extracted the input-
output related indicators of the relative efficiency of the calculation of this ques-
tion from 64 indicators, respectively (Table 1). 
 
Table 1. Input-output index division table. 

Index type Index definition Pointer symbol 

Input index Net profit X1 

Output indicator 
Total liabilities X2 

Working capital X3 
Retained earnings X6 

 
To build a comprehensive evaluation system based on the input-output indica-

tors determined above, the weight of each evaluation indicator is required first, 
and then quantified. The specific algorithm is as follows [8]: 
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First, the data of each indicator are standardized. There are three indicators, of 
which 

 1 2, , ,i nX x x x=   (1) 

After standardization of the above indicators, the value is 

 1 2, , , nY Y Y  (2) 

The standardized formula can be obtained: 
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According to the definition of entropy in information theory, the information 
entropy of a set of data is: 
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According to the calculation formula of information entropy, the information 
entropy of each index is calculated as 

 1 2, , , nE E E  (5) 

Calculate the weight of each index through information entropy 

 ( )1 1,2, ,i
i

i

EW i k
k E

−
= =

−∑
  (6) 

According to the combination weight method, the efficiency index of the bank 
can be obtained as iZ , and the calculation formula is 

 1i i ii
nZ x w
=

= ∑  (7) 

where, ix  is i  different indicators, iw  is i  different indicator weights, and 

iZ  is the efficiency of different banks. 
It can be known that all bank data can be divided, and the lower limit of A B∩  

represents the dividing line between the collapse of two different sets. Set A cor-
responds to class value 0, and set B corresponds to class value 1, based on mathe-
matical principles. 

According to the conclusion of the above model, we extracted X1, X2, X3, X6, 
class. We substituted these data into the above model and obtained the entropy 
weight value through the excel file as (Table 2). 
 
Table 2. Weights of relevant indicators. 

Correlation index Weight W 

X1 0.33 

X2 0.32 

X3 0.32 

X6 0.02 
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Then, the weights of the above indicators are brought into formula (7) to ob-
tain 

 1 2 3 60.33 0.32 0.32 0.02i i i i iZ x x x x= ∗ + ∗ + ∗ + ∗  (8) 

where, 1 X1ix ∈ , 2 X2ix ∈ , 3 X3ix ∈ , 6 X6ix ∈ . 
We use all the iZ  in python, save them in a support file with the column name 

“score”, and then we put the corresponding class values of iZ  and i  into the 
drawing function to get the following Figure 2. 
 

 
Figure 2. Data efficiency evaluation chart. 

 
There is a significant difference in the image between the banks that went bank-

rupt during the observation period and the banks that did not go bankrupt during 
the observation period. I can take the lower bound of the group of data whose 
class value is 0 as the dividing line of bank bankruptcy efficiency is  

0.60090761Z = . 

3. The Bank Risk Prediction Model Based on Principal  
Component Analysis Dimensionality Reduction and BP 
Neural Network 

We must first get the important factors affecting bank failure, and then we must 
determine the index that can comprehensively reflect the information reflected by 
the 64 indicators. If we use correlation analysis, we will find far more than 5 im-
portant indicators, so we choose principal component analysis. 

The principle of principal component analysis is to try to recombine the origi-
nal variables into a new set of several comprehensive variables that are unrelated 
to each other, and at the same time, according to the actual needs, several less sum 
variables can be extracted from the statistical method to reflect the information of 
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the original variables as much as possible, which is called principal component 
analysis or principal component analysis, and is also a method to deal with di-
mensionality reduction in mathematics. 

3.1. Principal Component Analysis Model 

The principal component is a linear combination of the original variables; The 
number of principal components is less relative to the original number; The prin-
cipal component retains most of the information of the original variable; The 
principal components are independent of each other [9]. 

Let the data sample data X , in which there are m variables, a total of n sam-
ples 
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We get matrix Z  
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Calculated correlation coefficient, 
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The correlation coefficient matrix R  is obtained 
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where: ijr  is the correlation between the sample sequence in column i of the X 
matrix and the sample sequence in column j, whose value is between −1 and 1, 
and the R matrix should be a symmetric matrix, that is, ij jir r= . 

The difference in the degree of correlation coefficient is shown in the following 
Table 3 and Table 4. 

The covariance matrix ∑  is a real symmetric matrix, knowing that its eigen-
value is non-negative, it may be useful to set its eigenvalue  
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1 2 3 0pλ λ λ λ≥ ≥ ≥ ≥ ≥ , and their corresponding orthonormalized unit eigen-
vectors are as follows: 
 
Table 3. Positive and negative correlation. 

Correlation coefficient r correlation 

r > 0 Positive linear correlation 

r = 0 Linearly independent 

r < 0 Positive linear correlation 

 
Table 4. Degree of correlation. 

Absolute value of correlation coefficient Degree of correlation 

1 Perfect correlation 

[0.8, 1) Highly correlated 

[0.5, 0.8) Moderate correlation 

[0.3, 0.5) Low correlation 

[0, 0.3) uncorrelated 
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If the index variable represented by the columns of the original X, the composite 
vector, is denoted as 

T
1 2, , , pVar Var Var Var =   , then the ith principal compo-

nent of X is 

 ( )T
1 1 2 2i i i i pi pF a Var a Var a Var a Var= = ∗ + ∗ + + ∗  (13) 

The selection rule of the number of principal components is determined ac-
cording to the cumulative contribution rate, which is generally required to reach 
more than 0.85, so as to ensure that the new variable can include most of the in-
formation of the original variable. 

 ( ) ( )1

1 1

1, 2, , ,j kk
p

k kk k

p

p nj j n p n
λ λ

α
λ λ

=

= =

= = = ≤∑
∑ ∑

  (14) 

Figure 3 and Figure 4 show the contributions of the indicators to the principal 
components. The first principal component is strongly influenced by indicators 
X13, X19, X20, X23, X30, X31, X39, X42, X43, X44, X49, X56, and X58, indicating 
that it primarily reflects the information from these variables. The second princi-
pal component is mainly driven by X4, X8, X12, X16, X17, X26, X33, X34, X40, 
X46, X50, and X63, suggesting it reflects the information contained in these indi-
cators. For the third principal component, the indicators X1, X7, X11, X14, X18,  
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Figure 3. Explained variance ratio of each principal component. 

 

 
(a)                                                   (b) 

Figure 4. PCA analysis.  

 
X22, X24, X35, X36, and X48 have the largest contributions, meaning this com-
ponent is largely characterized by these variables. The fourth principal component 
is predominantly shaped by X2, X3, X6, X10, X25, X38, and X51, indicating it 
reflects the information from these indicators. Lastly, the fifth principal compo-
nent is influenced mostly by X53 and X64, highlighting that it mainly captures the 
information of these two indicators. 

By understanding which indicators each principal component represents, we 
can then calculate the contribution rate of each principal component (Table 5). 

According to the component matrix diagram and the principal component con-
tribution diagram, we can calculate the coefficients corresponding to each index 
in the five principal components: 

The new eigenvectors 1 2,W W  and 3W  are calculated respectively 
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Table 5. Principal component contribution diagram. 

Ingredient Total Percentage of variance (%) Accumulate (%) 

PC1 12,807 20.011 20.011 

PC2 11,118 17.372 37.383 

PC3 9447 14.761 52.144 

PC4 5199 8.123 60.267 

PC5 3481 5.439 65.706 

 

( )1 VAR00065 SQR 12.807W =  

( )2 VAR00066 SQR 11.118W =  

( )3 VAR00065 SQR 9.447W =  

( )4 VAR00065 SQR 5.199W =  

( )5 VAR00065 SQR 3.481W =  

Through the above, the formula after dimensionality reduction of principal 
component analysis can be calculated. 

Set the component matrix to iW , then 

 ( )( )

1

2 1, 2, ,5 1,2, ,64
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i
i

ji
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W i j
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Each index matrix is 1 2, , , jA X X X =    

Then i iF A W= ∗  
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( ) ( )
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0.20011 0.65706 0.17372 0.65706
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∗

+

+
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The weight calculation results of principal component analysis show that the 
weight of principal component 1 is 0.34, the weight of principal component 2 is 
0.26, the weight of principal component 3 is 0.22, the weight of principal compo-
nent 4 is 0.12, and the weight of principal component 5 is 0.08. 

3.2. Bank Risk Prediction Model Based on BP Neural Network 

BP neural network is usually composed of three layers, namely input layer, hidden 
layer and output layer. In the case that the output vector has been defined, it is 
particularly important to choose the appropriate input vector. There are 38 indi-
cators that mainly affect the comprehensive score, and the 38 indicators influence 
each other. When predicting the comprehensive score, a series of variables such 
as X1, X2 and X3 are selected as the input layer, and the comprehensive score is 
selected as the output layer, and the single hidden layer network structure is also 
selected. 
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BP neural network should be trained before the prediction, and through train-
ing, the network has the ability of associative memory and prediction. BP neural 
network training must first initialize the network parameters, including the ini-
tialization of the weight between the input layer and the hidden layer, the initiali-
zation of the weight between the hidden layer and the output layer, and the ini-
tialization of the threshold between the hidden layer and the output layer. The 
error between the network prediction result and the expected result is obtained 
through the calculation of the hidden layer and the output layer. The network then 
updates the initial weight and threshold according to the error result. Therefore, 
the final weight and threshold will be affected by the selection of its initial weight 
and threshold, which will further affect the convergence speed and prediction ac-
curacy of the network model. Genetic algorithm can overcome the randomness of 
BP neural network in automatically generating initial weights and thresholds by 
iterating to find the optimal solution of initial weights and thresholds. Therefore, 
we combine the genetic algorithm with the BP neural network, and use the genetic 
algorithm to optimize the initial weight and threshold of the BP neural network, 
and get a more stable and reliable network structure [10] (Figure 5). 
 

 
Figure 5. Network structure. 

 
According to the above two questions, we can get the formula about the com-

prehensive score of the bank: 

 64
1 , 0,1, 2, ,j i ijiQ w x j N
=

= =∑   (16) 

Among them, iQ  is the comprehensive score of the bank, iw  is the weight of 
64 indicators, ijx  is the data set. 

The following weights are our conclusions based on the first and second models. 
The values of iw  in the above equation are all from the following table. 

Through the above conclusions and formulas, the relevant indicators of the in-
put layer and the output layer can be obtained, and the neural network prediction 
model can be established as follows: 

The calculation process is as follows: 
Through the above neural network model, the indicators of 38 banks are trained 

with the comprehensive score of banks, so that the comprehensive score value of 
each bank is Z , and the neural network trained by the above model predicts the 
comprehensive score is Z , then the relative error is δ : 

https://doi.org/10.4236/jamp.2025.135089


S. Q. Li, Q. C. Tan 
 

 

DOI: 10.4236/jamp.2025.135089 1639 Journal of Applied Mathematics and Physics 
 

 100%
Z Z

Z
δ ×

′−
=  (17) 

4. Experiments 

We did the following experiments with the above model, which used MATLAB 
2023RA and Python 3.9.7, The experiments were conducted in Guilin, China, on 
an ASUS computer with the following The experiments were conducted in Guilin, 
China, on an ASUS computer with the following specifications: an AMD Ryzen 7 
4800 H processor with Radeon graphics, operating at 2.90 GHz, 16 GB of RAM, 
and an NVIDIA GeForce GTX 1660 Ti graphics card. The operating system used 
was Windows 11. Through the above neural network model to predict the com-
prehensive score of each bank, we use MATLAB program to write the program, 
the detailed program can be found in the attachment and supporting materials, 
we set the parameters as follows (Table 6): 
 
Table 6. Weights of relevant indicators. 

Correlation index Weight W Correlation index Weight W 

X1 0.03 X33 0.00 

X2 0.03 X34 0.01 

X3 0.03 X35 0.01 

X4 0.00 X36 0.00 

X5 0.00 X37 0.02 

X6 0.01 X38 0.00 

X7 0.00 X39 0.00 

X8 0.01 X40 0.01 

X9 0.00 X41 0.01 

X10 0.00 X42 0.01 

X11 0.00 X43 0.16 

X12 0.01 X44 0.00 

X13 0.01 X45 0.00 

X14 0.00 X46 0.01 

X15 0.01 X47 0.00 

X16 0.01 X48 0.00 

X17 0.01 X49 0.00 

X18 0.00 X50 0.01 

X19 0.00 X51 0.01 

X20 0.00 X52 0.01 

X21 0.06 X53 0.02 
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Continued 

X22 0.01 X54 0.02 

X23 0.00 X55 0.01 

X24 0.01 X56 0.00 

X25 0.01 X57 0.00 

X26 0.01 X58 −0.01 

X27 0.01 X59 0.02 

X28 0.02 X60 0.00 

X29 0.03 X61 0.00 

X30 0.01 X62 0.00 

X31 0.00 X63 0.01 

X32 0.01 X64 0.02 

 
After a period of training, the results shown in the figure are obtained. We can 

see the changes of the relevant parameters of the neural network, as follows (Table 
7): 
 
Table 7. Machine learning related parameters table. 

Correlation parameter Set value 

Net.trainParam.show 10,000 

Net.trainParam.Lr 0.05 

Net.trainParam.epochs 50,000 

Net.trainParam.goal 0.78*10−3 

 

 
(a) Neural network regression state                               (b) Error histogram 
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(c) performances                                       (d) training state 

 

(e) BP neural network fit 

Figure 6. BP Neural network structure. 

 

 
Figure 7. Image of the function between the predicted value and the true value. 
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Figure 6 illustrates both the state and performance of our trained BP neural 
network. Using this predictive model, we can assess a bank’s risk of failure based 
on the designated cut-off score. When a bank’s predicted value exceeds the cut-
off line provided in Problem I, the model effectively identifies potential risks. Fur-
thermore, as shown in Figure 7, our model demonstrates strong performance, 
achieving an accuracy of 83% when tested on over 800 banks, making it a valuable 
tool for risk detection across various financial institutions. 

We also compared our data with other methods, and the results are shown in 
Table 8 below: 
 
Table 8. This model is compared with other models. 

Model Overall accuracy 
Bankruptcy  

prediction accuracy 

LDA and SVM methods [10] 63.5% 66.3% 

Bankruptcy Prediction Models [11] 88.0% 92.0% 

Bp Neural Network 66.5% 68.5% 

Our model 81.5% 83.5% 

5. Conclusion 

The experimental results demonstrate the effectiveness of our proposed bank ef-
ficiency analysis and risk prediction models. By applying the entropy weight 
method to the selected input-output indicators, we successfully constructed an 
efficiency function that distinguishes between operational and bankrupt banks. 
The generated efficiency evaluation graph clearly shows a significant difference 
between these two groups, validating the feasibility of our approach. Furthermore, 
the principal component analysis effectively reduced the dimensionality of the da-
taset while retaining essential information, enabling a more concise representa-
tion of key factors influencing bank stability. The BP neural network, optimized 
using a genetic algorithm, achieved an accuracy of 83.5% in predicting bank fail-
ure, as illustrated in the correlation analysis between predicted and actual values. 
The model effectively identifies high-risk banks, providing a reliable tool for fi-
nancial risk assessment. 
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